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ABSTRACT

To accurately prevent and warn of traffic accidents, this article proposes a method for
predicting urban road traffic safety risks based on vehicle driving behaviour data and
information entropy theory. This method uses data from radar video-integrated sensors to

4.0 International Licence. calibrate the thresholds for identifying unsafe driving behaviour, introduces recognition

principles and algorithms, and analyses spatiotemporal distribution patterns. By
incorporating entropy theory, an evaluation system with traffic safety entropy as the primary
indicator and the unsafe driving behaviour rate as the secondary indicator is established.
Clustering algorithms determine the classification number and threshold of traffic safety
entropy, constructing a tunnel traffic safety risk assessment model, which is validated with
road accident data. Using 13 days of data from the left lane of Qingdao Jiaozhou Bay Tunnel,
the model divides traffic operation risk into high and low categories based on K-means
clustering results of accident and safety entropy data. The study finds that when the safety
entropy classification threshold is 0.0507, the classification accuracy is the highest at 92%.
These results provide technical support for identifying road traffic safety risk points and
preventing accidents.
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1. INTRODUCTION

Road traffic safety has always been the focus of attention in various countries, but scholars in urban
transport have always been the hot spot of research. In the 1970s, western nations began to realise the
significant impact of traffic safety on the national economy and social life. They carried out relevant research
on people, vehicles, roads, the environment and so on. In the past few decades, China has completed the road
construction goal of developed countries for half a century. Along with the high-speed development of the
automobile industry, the problems of traffic congestion and pedestrian-vehicle mixing have brought about an
extremely high risk to road safety, and the government and related organisations have been paying more and
closer attention to the road safety problem.

In 1973, the Institute of Highway Science of the Ministry of Transport established the first all-round
consulting service type unit in the field of road traffic safety in China, including research, design, standard
specification development, safety evaluation and other work. Over the decades, China has formed a more
mature system of road traffic evaluation [1], and the evaluation of road traffic safety has gradually changed
from passive evaluation based on accident data to active evaluation based on driving behaviour data. Driving
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behaviour data is a record of vehicle driving under the interaction of human-vehicle-road-legal-environment
and other factors, which is of great significance in the study of road traffic safety evaluation.

Currently, data sources for studying driving behaviour include in-vehicle OBD data, intelligent device
sensors, floating vehicle GPS data, roadside video data, millimetre-wave radar and lidar. Each of these data
sources has limitations. For example, OBD data, intelligent device sensors and GPS data often suffer from
delayed transmission, making them less suitable for detailed micro-level driving behaviour studies. Roadside
video data, while useful for extracting vehicle licence plates, speed and position, relies heavily on computer
software for object detection and tracking, and its accuracy is influenced by factors such as camera placement,
lens angle, traffic flow conditions and weather. Millimetre-wave radar and lidar provide high-precision
trajectory data for large traffic areas but do not capture vehicle image information, limiting their application.

Despite advancements in characterising unsafe driving behaviour, existing data sources generally suffer
from low precision and high latency, hindering the accurate identification of driving behaviours. Therefore,
there is a need for high-precision vehicle trajectory data to study bad driving behaviours and assess potential
road traffic safety risks from a micro perspective. This study addresses these needs by processing radar-video
integrated sensor data to focus on the micro-level identification of unsafe driving behaviours and the
assessment of road traffic safety risks based on these behaviours. Utilising high-precision vehicle trajectory
data for traffic safety risk evaluation holds both theoretical and practical significance.

1) Theoretical Significance

— By extracting driving behaviour information from high-precision trajectories, it is possible to identify
the characteristics of unsafe driving behaviours from a micro perspective, achieving accurate
recognition of typical unsafe driving behaviours and understanding their spatiotemporal distribution
patterns.

— Introducing entropy theory for the micro-level identification of unsafe driving behaviours and
constructing an indicator system for traffic safety risks can enrich the road traffic safety assessment
methodologies.

2) Practical Significance

— Understanding the occurrence patterns of unsafe driving behaviours can enhance the efficiency of road
traffic management and ensure the smooth operation of road traffic.

— Feedback from unsafe driving behaviour data on road safety conditions helps in perceiving traffic
safety risks, providing theoretical support for traffic control measures and ensuring safe travel for road
users.

This paper is structured as follows. Section 2 reviews and summarises existing research related to unsafe
driving behaviours and road traffic safety risk assessment. Section 3 focuses on the identification of unsafe
driving behaviours. Section 4 explains the evaluation of road safety based on unsafe driving behaviours.
Section 5 validates the proposed model and algorithms using real-world scenarios. Section 6 presents the
conclusions of the study, discusses its limitations and outlines future research directions.

2. LITERATURE REVIEW

At present, there is much research on driving behaviour. This paper reviews the current research from two
aspects: identification of unsafe driving behaviour and road traffic risk assessment.

2.1 ldentification of unsafe driving behaviour

There exist many works about unsafe driving behaviour recognition, which can be divided into threshold
rules and machine learning or deep learning algorithms.

For the research method of detecting unsafe driving behaviour based on threshold rules, empirical formulas
or analytical derivations are used to specify the threshold of vehicle kinematic parameters, to identify and
analyse driving behaviour. Common parameters include speed [2], acceleration and travel time [3], yaw rate
[4], etc. Lu et al. [5] used a large-sample statistical distribution method to determine the characteristic value
thresholds for unsafe driving behaviours. The unsafe driving behaviour spectrum was established. Ma et al. [6]
set judgment thresholds for abnormal behaviour in speed, acceleration, and braking settings, achieving real-
time detection of aggressive driving behaviour by balancing driving safety and driver/passenger comfort. In
addition, researchers also prefer to use thresholds such as lateral acceleration change amount, GPS direction
change amount and driving distance for unsafe driving behaviour recognition. Although these threshold
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methods have interpretability and computational efficiency, these rules are too simple to produce satisfactory
detection results.

Another category of research methods for detecting unsafe driving behaviour is based on machine learning
or deep learning algorithms to construct more complex rules. Liu et al. [7] proposed an unsafe driving
behaviour recognition method based on the covariance manifold and binary classification idea of the multi-
class LogitBoost classifier. Shahverdy et al. [8] learned a two-dimensional convolutional neural network (CNN)
based on the recursive graph technique, which is constructed on images constructed from driving signals using
the recursive graph technique. The experimental results show that the proposed method can efficiently detect
driver behaviour. Hu et al. [9] characterised and simulated three typical unsafe driving behaviours:
fatigue/drunkenness, recklessness and using mobile phones while driving, proposed abnormal indicators and
applied them to quantitatively evaluate abnormalities. Hu et al. [10] established a novel abnormal driving
detection model based on deep learning, using autoencoders as building blocks to represent the driving features
of abnormal driving detection. Huang et al. [11] propose a long short-term memory (LSTM) neural networks
(NN) based car-following (CF) model to capture realistic traffic flow characteristics by incorporating the
driving memory. The results indicate that the LSTM-NN model can effectively capture asymmetric driving
behaviour.

Liu et al. [12] proposed a one-dimensional convolutional neural network model for ADBD, and
experimental results showed that the proposed one-dimensional CNN model efficiently achieved multi-
classification of unsafe driving behaviour, with an average accuracy of 97%, significantly better than
traditional k-nearest neighbour and support vector machine algorithms. Chen et al. [13] proposed an effective
method for identifying unsafe driving behaviour based on convolutional neural networks (CNN) and transfer
learning. The results show that transfer learning can effectively increase the convergence speed and recognition
accuracy Xiao et al. [14] proposed the fuzzy deep attention network (FDAN) method to improve driver
behaviour recognition ability. FDAN integrates fuzzy logic and attention mechanisms into deep neural
networks, enhancing the model’s representational power and reducing data uncertainty. Darsono et al. [15]
proposed a deep learning model based on LSTM, which uses OBD-II data to classify driving behaviour. The
results indicate that the proposed model exhibits a natural ability to preserve and utilise temporal information
in input data, surpassing traditional machine learning methods.

2.2 Road traffic risk assessment based on driving behaviour data

Many studies have established road safety evaluation models by considering various factors of unsafe
driving behaviour. Considering that the current traffic safety evaluation index system is relatively weak in
terms of driver behaviour characteristics and vehicle operation characteristics, Eren et al. [16] analysed drivers’
safety and unsafe behaviour through optimal path detection algorithms and Bayesian classification statistics.
Chen et al. [17] conducted a road safety risk assessment process from a holistic perspective using an improved
entropy TOPSIS-RSR method based on the comprehensive road safety risk index (RSRI). Yan et al. [18]
constructed a data-driven driving safety assessment method based on actual driving behaviour data in tunnels,
providing an effective and generally acceptable method for identifying driving risk criteria that can also be
applied to traffic management and safety countermeasures with a view to possible implementation in
continuous tunnels. Chen et al. [19] constructed a new nonnegative constraint focus loss classifier for
predicting driving behaviour under different safety risk levels. The results showed that this method can
effectively find the optimal window size, reduce data volume and reconstruction errors, and extract more
significant features. Cai et al. [20] applied information entropy theory to traffic safety evaluation based on
vehicle OBD data, and constructed a road traffic safety risk evaluation system using driving behaviour data as
the evaluation index, achieving the discrimination of potential road traffic safety risks. Wang et al. [21]
proposed a risk assessment method based on driver improper driving behaviour and abnormal vehicle status
warning data, which uses entropy weight method to determine the risk responsibility weight of each warning
type, and then determines the risk classification threshold based on Gaussian mixture model algorithm. Yang
et al. [22] innovatively developed an indicator called “Traffic Dynamic Operational Risk (TDOR)” based on
aggressive driving behaviours (ADBs) and traffic flow data for traffic safety assessment.
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2.3 Research gap

Research on identifying unsafe driving behaviour has become relatively mature, and data-driven traffic
safety risk assessment based on driving behaviour has gradually become a research hotspot. However, further
research is still needed in the following two aspects:

1) Coordination between existing methods and new traffic data. The reference of new data can further
optimise the parameter judgment threshold for unsafe driving behaviour, which is conducive to mining
more microscopic unsafe driving behaviour. Compared with traditional abnormal driving recognition data,
the data of radar-video integrated sensors has higher accuracy (centimetre level) and faster return speed
(millisecond level). In addition, based on the existing methods for identifying unsafe driving behaviour,
more microscopic constraint rules are expected to be incorporated.

2) Exploration of new data-driven traffic safety risk assessment methods. Introducing new data can transform
passive driving, mainly based on accident data in existing road traffic safety assessment research, into
active measurement guided by driving behaviour data. With the advent of the digital era of transportation,
high-precision and low-latency driving behaviour data are becoming increasingly easy to obtain. Active
assessment of traffic safety risks will be the future development trend of intelligent transportation.
Therefore, further exploration of road traffic safety risk assessment methods driven by new data is
necessary.

This article presents an objective evaluation approach that utilises data from radar-video integrated sensors
and entropy theory to address safety risk assessment challenges in complex urban road traffic systems. It
focuses on recognising and analysing unsafe driving behaviour using Thunder Vision all-in-one machine data,
calibrating its characteristic indicator thresholds, and proposing a recognition principle and algorithm process.
The method introduces an entropy theory-based evaluation system with traffic safety entropy as the primary
indicator and unsafe driving behaviour rate as the secondary indicator. A clustering algorithm determines the
classification number and threshold of traffic safety entropy, leading to a tunnel traffic safety risk assessment
model. The feasibility of the evaluation results is verified using road accident data.

3. IDENTIFICATION OF UNSAFE DRIVING BEHAVIOUR

Unsafe driving behaviour specifically refers to speeding, abnormally low speed, unstable speed, rapid
acceleration, rapid deceleration and abnormal car-following. When a driver engages in unsafe driving
behaviour, it is difficult for them to make the correct response in a short period in the event of an emergency,
especially when driving on urban roads with complex driving environments and relatively saturated traffic
flow. The safety hazards are extremely high and can easily trigger traffic accidents.

3.1 Data analysis and preprocessing

Data preprocessing is the first work of data analysis and mining, abnormal data is a common situation in
the process of data analysis. To accurately extract vehicle trajectory information, data should be screened and
processed at the beginning of the study.

Data introduction

Radar video integrated sensors are multimodal intelligent traffic sensors based on millimetre wave radar
and video detection. They can accurately detect and identify parameters such as the position, speed, direction
and type of traffic participants in complex road environments. At the same time, deep learning algorithms are
used to achieve detection and early warning of various traffic events. The data in this article is sourced from
the Jiaozhou Bay Tunnel Video Traffic Flow Detection and Application System, which collects high-precision
traffic trajectory data in real-time by deploying radar video integrated sensors in the field.

The data collection frequency of the Thunder Vision equipment is 10Hz, which means that data are
transmitted back every 100 ms. For example, the data from the radar video integrated sensors in the Jiaozhou
Bay Tunnel in Qingdao reached 2.69 million in one day. Figure 1 shows the parsed raw data returned from the
server, and Table 1 shows the data fields and their meanings.
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Figure 1 — The parsed raw data of the radar video integrated sensors

Table 1 — Data fields and their meanings for radar video integrated sensors

Number Field name Field meaning
1 devc_id Camera device IP
2 vhec_id Vehicle ID
3 vhc_no Licence plate number
4 vhc_plate Licence plate colour
5 vhc_color Vehicle colour
6 lane_id Lane number
7 vhc_type Object type detected: vehicle, person
8 vhc_speed Target speed — longitudinal speed unit, km/h
9 vhe_x The x-coordinate of the vehicle relative to the equipment
10 vhec_y The y-coordinate of the vehicle relative to the equipment
11 Ing Longitude
12 lat Latitude
13 radar_vhc_id Vehicle identification number for coordinate detection
14 gmt_create Vehicle coordinate detection time, 100 ms level
15 rec_time Receiving time, in seconds
16 gps_time Detection time, converted from gmt_create
17 devc_type 3 radar data, 2 video data, 5 fused data

The original data contains irrelevant data, as well as issues like data duplication, redundancy, and errors.
Therefore, it is necessary to perform data extraction, cleaning, and association on the original data.
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Data preprocessing

1) Single-device data extraction

The raw data records millisecond-level data of 17 fields, including camera IP, vehicle ID, licence plate
number, vehicle colour, licence plate colour, lane number, longitude and latitude, etc. In identifying abnormal
driving behaviour, field data such as vehicle colour and licence plate colour are of no value to this study. To
improve the efficiency of big data processing in the later stage and efficiently carry out data analysis and
mining work, it is necessary to extract field data related to the research content from the original data and
remove irrelevant data.
2) Multi-device data association

Data association is the process of integrating data from different sources or databases into one database
through shared fields or variables to achieve data usage, analysis and cross-database queries between different
databases. At present, the mainstream brands of Leishi all-in-one machines in the market are Dahua and
Hikvision, and the effective detection range of their products’ vehicle coordinates is around 150 m. To obtain
long-distance vehicle driving data, matching and associating the extracted single-device data with feature fields
is necessary.
3) Data processing of equipment splicing section

When adjacent devices collect vehicle information, there may be duplicate vehicle information detection
due to overlapping collection ranges, as shown in Figure 2. To address this issue, the data collection interval of
adjacent devices is divided to eliminate duplicate data in the splicing segment and achieve vehicle coordinate
splicing of neighbouring devices.

Single device Single device

Device 1 Device 2 : i Device 2 : -
effective collection effective collection
mterval boundary interval boundary
|
' i
i !
1 1
I 1
1 n i
| i
| i
1 I
—— : - - - :
Ny
||
I
[

m | b :

f - II!EHE.:IE‘ Bl N
{'_\_a_f'_?_ R f -
\—' Vehicle duplicate detection

Figure 2 — Schematic diagram of vehicle coordinate stitching between adjacent devices

Abnormal data analysis and processing

Abnormal data is a common situation in data analysis, and abnormal data detection is a prerequisite for
analysing the causes of data anomalies. Currently, there are many methods for detecting data anomalies, such
as simple descriptive statistics and 3o Principles, quartile tests, density-based clustering, etc. [27], these
methods mainly target humerical data, and their main principle is to strip out abnormal data by analysing the
overall characteristics of the data. Based on the Qingdao Jiaozhou Bay Tunnel Digital Twin Application
Project, considering the data characteristics of the original data, the detection of abnormal data can be achieved
by using the Numpy module in Python and rough retrieval of duplicate and NAN values using the duplicated
function and is null function. On the other hand, since the data of radar-video integrated sensors meet the
accuracy requirements for digital twinning, it can be combined with digital platforms to use the original
trajectory data for twinning, thereby intuitively observing anomalies in the original data.

3.2 Determination of indicators for unsafe driving behaviour

By analysing the indicators of unsafe driving behaviour in traditional data, combined with the
characteristics and content of the data, the indicators of unsafe driving behaviour and its characterisation were
determined. This study identified and determined the threshold values of each characterisation indicator for
various unsafe driving behaviours through an extensive literature review and research experience. The results
are shown in Table 2.
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Table 2 — Threshold of characterisation indicators of unsafe driving behaviour

Unsafe driving behaviour Characterisation indicator Threshold
Speed >80km/h-
Speeding
Duration >3s
Speed >80km/h
Abnormal low speed Following Distance >150m
Duration >2s
Unstable speed Speed standard deviation >10.684119
Acceleration >3m/s?
Rapid acceleration
Duration >2s
Acceleration >-3m/s?
Rapid deceleration
Duration >2s
TTC >3s
Abnormal car-following Following distance >150m
Duration >2s

TTC: Itis an abbreviation for Time to Collision, representing collision time.

3.3 ldentification of unsafe driving behaviour

Based on the threshold of each unsafe driving behaviour characterisation indicator, it can reduce the
difficulty of identifying unsafe driving behaviour and improve the accuracy of model recognition. This study
determined the threshold values of each characterisation indicator through extensive literature review and
research experience and identified four types of unsafe driving behaviours: speeding, abnormal low speed,
unstable speed and abnormal car-following. The specific process will be elaborated on elsewhere. This article
designs a recognition process for the two behaviours of rapid acceleration and deceleration and writes
recognition code suitable for massive data in Python. Due to space limitations, this article only introduces the
identification of rapid acceleration behaviour.

Rapid acceleration

There are two indicators of rapid acceleration behaviour: acceleration and duration. Due to the lack of
acceleration data provided by radar video integrated sensors, the acceleration of the vehicle needs to be
calculated before identifying rapid acceleration and deceleration, as shown in Equation 2:

Vi) =V
(tarn = tw) - 36

where V;) is the speed at time i; V(;,.1) is the speed at time i + 1.

To determine whether the vehicle has undergone rapid acceleration behaviour, the acceleration threshold
A for rapid acceleration behaviour is introduced, and combined with previous research and industry experience,
a value of 3 m/s? is taken.

According to relevant research, there is currently no unified standard for the duration of rapid acceleration
behaviour. This study selected data from the Jiaozhou Bay Tunnel from 20 October 2022 to 24 October 2022,
for five days. To ensure the accuracy of calibration parameters, the entire day was divided into four time
periods based on the traffic flow characteristics of the Jiaozhou Bay Tunnel, and two hours of data were
selected as representative data for each period. Among them, 0-2 refers to the period from 00:00 to 02:00 in
the morning, representing the nighttime peak data of the Jiaozhou Bay Tunnel. Therefore, this article analyses
the recognition results with durations of 2 s and 3 s through sample data, as shown in Table 3.

@

Agi+1) =
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Table 3 — Recognition results of rapid acceleration behaviour under different durations

Duration>2s Duration>3s
Time period Date Data count | genhaviour | Behaviour | Behaviour Behaviolr rate
count rate count
10/20 377 43 11.41% 1 0.27%
10/21 418 58 13.88% 1 0.24%
0-2 10/22 523 55 10.52% 0 0.00%
10/23 411 59 14.36% 1 0.24%
10/24 357 51 14.29% 2 0.56%
10/20 6871 1341 19.52% 41 0.60%
10/21 6699 1309 19.54% 61 0.91%
7-9 10/22 5150 909 17.65% 22 0.43%
10/23 4375 717 16.39% 17 0.39%
10/24 6871 1314 19.12% 39 0.57%
10/20 4564 794 17.40% 13 0.28%
10/21 4682 855 18.26% 19 0.41%
10-11
13-14 10/22 5274 1028 19.49% 28 0.53%
10/23 5251 900 17.14% 17 0.32%
10/24 4564 723 15.84% 49 1.07%
10/20 6595 1460 22.14% 47 0.71%
10/21 7272 1631 22.43% 92 1.27%
16-18 10/22 6867 1524 22.19% 57 0.83%
10/23 7076 1394 19.70% 45 0.64%
10/24 6595 1119 16.97% 34 0.52%
Average behaviour i ) 17.58% ) 0.55%
rate

From the table, it can be seen that the behaviour rate at a duration threshold of 3 seconds for rapid
acceleration behaviour is much lower than that at a duration threshold of 2 seconds. In the case of a duration
threshold of 3 seconds, there were 0 rapid acceleration behaviours during the 0-2 period, and 55 were identified
with the same duration threshold of 2 seconds. Setting the duration to 2 seconds is more reasonable, so this
article sets the duration threshold for rapid acceleration behaviour to 2 seconds.

Recognition algorithm for rapid acceleration behaviour

The detailed steps of the algorithm for identifying rapid acceleration behaviour are as follows:

Step I:  Analyse and read the raw data of radar video integrated sensors, and use PyCharm programming
software to convert the raw data item by item into a list for easy traversal and indexing in the
future.
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Step 11

Step I1I:
Step IV:

Step V:

Step VI:

Step VII:

Group the converted data based on licence plate numbers, convert the timestamp format to time
format, and sort the grouped data according to the time rules from small to large and latitude from
small to large.

Starting from the second data point in each group, calculate the vehicle acceleration a at each
moment according to Equation 1 and set the initial duration T to 0.

Determine if the acceleration exceeds the set acceleration threshold. If it does, retain the time
information of the data and proceed to step 6. If not satisfied, proceed to step 5.

Determine whether it is the last data entry. If the result is yes, then there is no rapid acceleration
behaviour, and the process is over. If the result is negative, reset the duration T to 0, read the data
for the next time step, and proceed to step 4.

Determine whether the duration T of the behaviour that meets the acceleration threshold for rapid
acceleration is greater than or equal to 2 seconds. If the judgment result is yes, it indicates that
rapid acceleration behaviour has occurred. If the judgment result is negative, it indicates that there
has been no rapid acceleration behaviour. Go to step 7.

Determine whether the current data are the last data of the vehicle. If so, the algorithm ends. If
not, read the data for the next time step and proceed to step 4.

Start

Data input

v

Grouping and sorting of single vehicle data

v

Calculate the acceleration a of the vehicle
The initial duration T is 0

v

Read vehicle acceleration a, [* I =t+1

The last piece
of dara

Recharge
Twl

Retain time information,
update duration T=T+1

Y N
Rapid acceleration No rapid acceleration
behaviour occurse behaviour occurred

Figure 3 — Process diagram for rapid acceleration behaviour recognition

4. ROAD TRAFFIC SAFETY RISK ASSESSMENT

The entropy method can determine the index weight objectively by analysing the variation degree of each
index value, avoiding the deviation caused by human factors, and has a strong mathematical theoretical basis.
However, the traditional entropy method tends to produce a large deviation in the treatment of extreme values

in this study,

so it is improved in this paper to effectively ensure the description of objective facts.
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4.1 Evaluation indicator system

This article takes the entropy value of road traffic operation under the influence of unsafe driving behaviour
as the primary indicator for estimating road traffic safety risks and selects the six indicators shown in Table 4
as the secondary indicators for road traffic safety risk assessment.

Table 4 — Evaluation indicators system

First level indicator Second level indicators

Speeding rate, Abnormal low-speed rate,

Road traffic safety entropy Unstable speed rate, Rapid acceleration rate,

Rapid deceleration rate, Abnormal car-following rate

4.2 Road traffic safety risk assessment based on improved entropy method

The calculation steps for the road traffic safety risk assessment based on the improved entropy method are
as follows:

Step I: Based on the results of identifying unsafe driving behaviours, calculate the probability of each unsafe
driving behaviour occurring during time period m on road segment i.

NI
P = ngn )
where i represents the number of road sections, i = 1, 2,..., g; j is the number of indicators, j =1, 2,..., k; m is
the time period, m = 1, 2,..., p. The number of vehicles that engaged in the j™ type of unsafe driving behaviour
during time period m on section i; Q™ is the total number of vehicles detected in time period m for section i;
P is the incidence rate of the j" type of unsafe driving behaviour in section i during period m.
Step II: Use the MAX-MIN method to standardise data and unify data dimensions.

m min
m _ Pij —Pij
xt=—t 7 3
9] max _ ,,min
pij pij
max _ ,,m
M = pij pLj (4)
ij = max min

pPij " —Dij
where x7} is the j™ indicator value of section i during time period m; p/#™ is the minimum occurrence rate of
the j™ type of unsafe driving behaviour on section i; p+** is the maximum occurrence rate of the j" type of
unsafe driving behaviour on section i.
Step 111: Calculate the proportion of the j* indicator under each indicator value in the i section.

m

amo U 5)
ij q
i=1 X0}

where q represents the total number of road sections; 47} represents the proportion of the j" indicator under
each indicator value in the i section during time period m.
Step IV: Calculate the entropy value of each indicator.

1 (6)

where E; is the entropy value of the jth indicator, E; > 0 ; If it exists 27} = 0, let it be A7} = 27} + 0.00001.
Step V: Calculate the weight of each indicator.

0 E =1
j
1-E @®)
Wipg=a——
IO a-E)
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1+E-E
Wit =or————=
T ELA+E-E) ©)

where w; 5 is the entropy value of the j"indicator, £ is the average entropy value for all indicators with entropy
values not equal to 1.
Step-VI: Calculate the safety entropy value of the i segment unit of the road during the m™ time period.

k
ST =Y Wy (=pp) - Inpl} (10)
j=1
sm is the safety entropy value of the j™ indicator within time period m.

4.3 Classification of traffic safety levels

When classifying road traffic safety levels based on correlated accident data, the abnormal data are first
stripped off. Then the accident data and road safety entropy data are divided using clustering thinking. The
group with the highest contour coefficient is selected as the basis for dividing road safety levels.

K-means clustering is a typical unsupervised classification algorithm that aims to automatically classify
similar samples by maximising the similarity between categories and minimising the similarity between
different categories. Its principle is simple, and the clustering effect is good. The algorithm flow of K-means
clustering is as follows:

Step I:  Enter the K value of the number of data categories to be divided.

Step II: Randomly select K points as the initial cluster centres for each category, then calculate the
distance from each point to the cluster centre and assign the point to the nearest cluster centre,
thus forming K clusters.

Step I1l: Recalculate the centroid of each cluster.

Step IV: Repeat Steps Il and 111 until the centroid position of each cluster no longer changes or reaches the
set number of iterations.

Step V: Clustering ends, generating the final category of each data and the distance from that data to the
cluster centre of the category.

4.4 Determination of the optimal grading threshold

The optimal classification threshold can ensure the accuracy of dividing safety entropy values. To find the
optimal classification threshold for each level, the concept of classification accuracy is introduced, and the
calculation method for classification accuracy is as follows:

n1+n2

A=1 -100% (11)

where A represents the classification accuracy; N is the total number of data in adjacent clusters; n,is the
number of K-means clustering results in the first category, and the classification threshold is divided into the
second category of data; n, is the K-means clustering result, and the classification threshold is divided into the
number of data in the first category.

5. VERIFICATION AND RESULT ANALYSIS
5.1 Data source and processing

Data sources

The data used for the instance verification are the digital twin data of the Qingdao Jiaozhou Bay Smart
Tunnel Digital Twin Traffic Operation and Control System, and Qingdao Guoxin Jiaozhou Bay Transportation
Co., Ltd, which provides the accident data. To ensure the scientific and objective verification of the example,
13 days of data were selected from the long downhill section of the Jiaozhou Bay Tunnel from Huangdao to
Qingdao direction to identify unsafe driving behaviour and calculate road traffic safety entropy. The data
period was from 25 November 2022 to 7 December 2022, with pile numbers ZK6+900 to ZK8+300. To
accurately characterise the traffic safety risks of each section unit of the Jiaozhou Bay Tunnel, the road was
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divided into 50/m as a section unit for road traffic safety risk calculation. Figure 4 shows the basic road
conditions of the selected data.

Driving direction
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Figure 4 — Basic conditions of the selected road

Data sample size analysis

1) Introduction to data types

The raw data of Leishi stores all data in a “CSV” document at intervals of every 100 ms. The accident data
records detailed information such as the station number, lane, cause and type of accident based on the date of
the accident.
2) Data sample size analysis

Perform lane-by-lane statistics on traffic flow using 13-day data at 1-hour intervals and draw a time-varying
line graph of traffic flow, as shown in Figures 5-7. By observing the time-varying patterns of traffic flow in each
lane of the 13-day data, it can be found that the trend of traffic flow over time is relatively stable. The traffic
flow is highest during the morning and evening peak hours, followed by the daytime off-peak period, and the
nighttime off-peak period has the lowest traffic flow. The changes in data can reflect the travel demand
characteristics during the morning and evening rush hour in cities. In addition, the traffic flow in the left and
middle lanes is relatively close at different times, while the traffic flow in the right lane is lower. During peak
hours, the hourly traffic flow in the left middle lane can reach over 1,800 vehicles, and the maximum traffic
flow in the right lane is 989 vehicles.
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Figure 5 — Time-varying diagram of Figure 6 — Time-varying diagram of Figure 7 — Hourly traffic variation
hourly traffic flow in the left lane hourly traffic flow in the middle lane diagram of the right lane
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To ensure the accuracy of road safety entropy classification results, accident data from 2018 to 2021 were
statistically analysed, and the statistical results are shown in Figure 8. According to the statistical results, the
middle lane has the highest number of traffic accidents, the left lane has slightly lower traffic accidents than
the middle lane, and the right lane has the lowest number of traffic accidents. There are over 400 accident data
points over the past four years, providing assurance for the accuracy of the entropy classification results of
road traffic safety.
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Figure 8 — Number of lane separation accidents from 2018 to 2021

In summary, the data used for example verification in this article have the characteristics of rich content,
sufficient data volume and reliable data, which can effectively support the identification of unsafe driving
behaviour and the estimation of road traffic safety risks based on unsafe driving behaviour data in this article.

5.2 ldentification of unsafe driving behaviour

Identifying unsafe driving behaviour is preliminary work for road traffic safety risk assessment, and the
implementation of the identification program is mainly based on four modules: NumPy, pandas, collections
and data time. After the original data is processed by code, a new table will be generated, which includes the
acceleration data, speed standard deviation, TTC data, front licence plate data, front distance and identification
result data of unsafe driving behaviour of the vehicle at each moment. The identified data results are shown in
Figure 9.

vheNo laneld vheSpeed lat mTime MR BERME PIRANE RINER wax

0 2 63 36007507 2022-11.250627.28 -9999 000000 =] & & 550008
1 2 63 36007732 2022-11.2506:27:29 0.000000 S S & 550008
2 2 65 36.007956 2022-11-2506:27:30 0555556 - & & 550908
3 2 67 36008181 2022-11-2506.27:31 0.555556 8 & 550006
4 2 72 36008406 2022-11-250627.32 1.388889 & & & 550008
95 2 79 36013740 2022.-11.2506:27.07 0 555556 = BS & 526836
96 2 81 36013877 2022-11-2506:27.08 0555556 P P & 526838
97 2 84 36014009 2022-11-2506:27.09 -4 722222 S & & 526838
98 2 70 36014324 2022-11-2506:27:10 1.666667 & (=) & 526836
99 2 79 36014522 2022-11-25 062711 2500000 & & & 52683

Figure 9 — Identification results

Based on the previously determined characterisation index threshold and recognition algorithm process, the
recognition results of two types of unsafe driving behaviour rates, namely rapid acceleration and rapid
deceleration, on the long downhill section from Huangdao to Qingdao in Jiaozhou Bay Tunnel from 25
November 2022 to 27 November 2022, are shown in Figure 10 and Figures 11.
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Figure 10 — Rate of rapid acceleration behaviour in lane division: a) Rapid acceleration behaviour rate-11.25;
b) Rapid acceleration behaviour rate-11.26; c) Rapid acceleration behaviour rate-11.27
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Analysing the recognition results of rapid acceleration behaviour in each lane in Figure 10, from the lane
dimension, the rate of rapid acceleration behaviour in the right lane is the highest and the difference between
it and the other two lanes is more obvious. From a temporal perspective, the peak of the rapid acceleration
behaviour rate of the three lanes appears more frequently during periods of low traffic volume, and the overall
rapid acceleration behaviour rate of the three lanes shows the same trend over time. The analysis of its causes
may be related to the occurrence rate of rapid acceleration behaviour and road traffic flow. The larger the
traffic flow, the closer the distance between vehicles and vehicles, and thus the lower the occurrence rate of
rapid acceleration behaviour.
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Figure 11 — Rate of rapid deceleration behaviour in lane division: a) Rapid deceleration behaviour rate-11.25;
b) Rapid deceleration behaviour rate-11.26; c) Rapid deceleration behaviour rate-11.27

Analysing the recognition results of sudden deceleration behaviour in each lane in Figure 11, from the lane
dimension, the sudden deceleration behaviour rate of the left lane is slightly higher than the other two lanes
most of the time, while the sudden deceleration behaviour rate of the right lane is the lowest. From a temporal
perspective, the peak of rapid deceleration behaviour rate in the right lane occurs during periods of low traffic
volume, while the peak of rapid deceleration behaviour rate in the left and middle lanes both occur during
periods of high traffic volume. The overall rapid acceleration behaviour rate of the three lanes shows the same
trend over time. From this, it can be seen that both rapid acceleration behaviour and rapid deceleration
behaviour are influenced by traffic flow. The smaller the traffic flow, the higher the probability of rapid
acceleration behaviour occurring, and the larger the traffic flow, the higher the probability of rapid deceleration
behaviour occurring.

These observations underscore the correlation between lane-specific traffic conditions and driving
behaviours. The data indicate that rapid acceleration is more likely in low-traffic density environments,
facilitating higher speeds, while rapid deceleration occurs more frequently under high-traffic conditions,
necessitating more frequent braking. This understanding is crucial for analysing traffic dynamics and
developing targeted road safety interventions.

Based on the analysis of the above recognition results, there are significant differences in the rates of various
unsafe driving behaviours on different lanes in the spatial dimension. Taking rapid acceleration as an example,
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the right lane has the highest rate of rapid acceleration behaviour and a significant difference compared to the
other two lanes. The difference in rapid acceleration behaviour rates between the left and middle lanes is
relatively small, while the rapid acceleration behaviour rate in the middle lane is the lowest. In terms of the
time dimension, the peak values of the rapid acceleration behaviour rate of the three lanes are more frequent
during low traffic volume periods, and the overall trend of the rapid acceleration behaviour rate over time is
the same. The traffic flow in the right lane of the Jiaozhou Bay Tunnel is much smaller than that in other lanes,
while the traffic flow in the left middle lane is relatively close. Therefore, the drivers in the right lane have a
higher rate of rapid acceleration behaviour, while the rates in the left and middle lanes are similar.

Road traffic safety evaluation needs to consider the traffic characteristics of different lanes. If the data of
three lanes are mixed, the differences between indicators will be weakened, thereby affecting the accuracy of
indicator weights. In addition, after analysing and studying the accident data of each lane on the road section
in recent years, it was found that there has been a sudden change in the accident data of the right lane. The
number of accidents in the middle lane is significantly higher than that in the left lane, and the annual accident
data for the left lane is relatively stable. The sudden change in tunnel accident data may be related to traffic
control measures. The data segment selected in this article has not changed the road driving environment in
the past two years. Therefore, considering the stability of unsafe driving behaviour in each lane and the natural
environment, this article chooses the left lane as the object to carry out the example verification work of this
article. Statistical analysis was conducted on the rates of six types of unsafe driving behaviours on the left lane
of the long downhill section of the Jiaozhou Bay Tunnel from Huangdao to Qingdao using the Pandas module,
covering a period of 13 days from 25 November 2022 to 7 December 2022. The results are shown in Figure 12.
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Figure 12 — Rate of unsafe driving behaviour in the left lane: a) rapid acceleration rate; b) rapid deceleration rate; c) speeding rate;
d) unstable speed rate; e) abnormal low-speed rate; f) abnormal car-following rate
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5.3 Calculation and analysis of entropy value for road traffic safety

The road traffic safety entropy is determined by the index value of each unsafe driving behaviour. Based
on the data on unsafe driving behaviour rate obtained above, this part uses the improved entropy method to
calculate and analyse the traffic safety entropy of each section.

Indicator weight calculation

To verify the stability of entropy method weighting, the weight data of each behaviour was calculated using
13 days of data, and the average weight of each behaviour for 13 days was used as the weight result for each

unsafe driving behaviour. The calculation results are shown in Table 5.

Table 5 — Recognition results of rapid acceleration behaviour under different durations

Indicator weight
Date Rapid Rapid s . Abnormal low | Abnormal car-
acceleration deceleration peeding Unstable speed speed following
day-1 0.23 0.15 0.18 0.10 0.12 0.22
day-2 0.14 0.09 0.34 0.15 0.12 0.16
day-3 0.17 0.13 0.21 0.11 0.13 0.25
day-4 0.08 0.09 0.33 0.20 0.10 0.19
day-5 0.21 0.25 0.14 0.11 0.10 0.19
day-6 0.10 0.29 0.15 0.19 0.11 0.16
day-7 0.12 0.26 0.20 0.12 0.11 0.19
day-8 0.21 0.24 0.16 0.11 0.11 0.17
day-9 0.13 0.18 0.08 0.27 0.13 0.22
day-10 0.13 0.20 0.13 0.19 0.08 0.26
day-11 0.14 0.16 0.19 0.16 0.10 0.25
day-12 0.13 0.19 0.19 0.13 0.11 0.25
day-13 0.13 0.08 0.29 0.16 0.07 0.27
Mean value 0.15 0.17 0.20 0.15 0.11 0.22
Standard 0.04 0.07 0.07 0.04 0.02 0.04

Calculation of entropy value for road traffic safety

Based on the weights of unsafe driving behaviour given in Table 5, the road traffic safety risk entropy values
have been calculated. Additionally, the number of accidents for each section of the road in 2020 and 2021 has
been compiled. The results are summarised in Table 6.
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Table 6 — Number of unit accidents on various road sections in 2020 and 2021

Road Safety Number of accidents Road Safety Number of accidents
samber | valoe | 2020 | 2021 mean smber | vaie | 2020 | 2021 Mean

1 0.028568 0 0 0 15 0.049589 0 0 0
2 0.070766 12 20 16 16 0.018179 3 1 2
3 0.050339 0 2 1 17 0.04499 0 0 0
4 0.051534 15 14 145 18 0.051299 4 4 4
5 0.048705 1 0 05 19 0.042482 0 0 0
6 0.051198 12 20 16 20 0.049342 3 3 3
7 0.046557 0 0 0 21 0.054853 3 3 3
8 0.05178 1 0 6.5 22 0.047582 0 0 0
9 0.050669 4 9 05 23 0.060679 7 2 45
10 0.056232 5 5 5 24 0.043897 0 1 0.5
11 0.054137 7 8 7.5 25 0.048713 0 0 0
12 0.052077 1 0 0.5 26 0.046506 0 0 0
13 0.047701 0 0 0 27 0.041949 2 0 1
14 0.054327 6 6 6 28 0.044581 0 0 0

The number of accidents near the bottom of the slope (section unit numbers 2—11) was much higher than
that in the non-slope bottom section (section unit numbers 19-28). Based on this, a comparative analysis is
conducted on the safety entropy value and accident number between the slope bottom section and the non-
slope bottom section, the results are shown in Figures 13 and 14.
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Figure 13 — Safety entropy of slope and non-slope sections Figure 14 — Accident number of slope and non-slope sections

From these figures, it can be seen that both in terms of mean and median, the number of accidents in the
bottom section of the slope is higher than that in the non-bottom section, and the safety entropy value of the
bottom section is also higher than that of the non-bottom section. Although there is a significant difference in
the number of accidents between the slope bottom section and the non-slope bottom section, and the difference
in safety entropy values is relatively small, both reflect the overall trend of higher safety risks in the slope
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bottom section than in the non-slope bottom section, indicating that road traffic safety entropy can effectively
characterise road traffic safety risks.

5.4 Classification of road traffic safety risk states

The reasonable division of road traffic safety entropy is the guarantee to perceive the potential risk of traffic
operation. In previous studies, accident data are often used to evaluate road traffic safety. Therefore, this paper
classifies road traffic safety entropy based on accident data.

Remove abnormal data

Select the traffic safety entropy values of 28 road sections and accident data from 2020 to 2021 to classify
the risk levels of road traffic safety. Draw a two-dimensional scatter plot of the number of safety entropy

accidents to eliminate the interference of abnormal data on the classification results, as shown in Figure 15.
0.07

safety entropy value
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Figure 15 — Scatterplot of traffic accident-safety entropy

As shown in the above figure, the three sets of data on the right side of the scatter plot are far away from
other data. These three data sets have a more significant number of accidents, and the difference in safety
entropy values with different data is slight. Therefore, it can be considered that these three sets of data are
isolated data. Therefore, it has been decided to remove these three sets of isolated points and use the data after
removing the isolated points as input data for K-means clustering to classify road traffic safety.

Determination of optimal grading results

To determine the optimal safety entropy classification number, the K-means method was used to cluster
the data after removing outliers, with clustering numbers of 2, 3 and 4 respectively. The optimal clustering
effect was determined by calculating the contour coefficient of each class, thus determining the classification
number of traffic safety entropy. The clustering results are shown in Figures 16-18. The contour coefficient
calculation results corresponding to the number of clusters in each category are shown in Table 7.
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Table 7 — Profile coefficient table

Clustering numbers Profile coefficient
2 0.757
3 0.717
4 0.732

According to the contour coefficient, it can be concluded that the effect of clustering 2 is the best. Figure 16
shows that when clustering into two categories, there are more data samples between each category and a
significant difference in cluster centres. In the results of clustering three and four categories, some categories
have small sample sizes, and the clustering centres transmit unequal information to different categories in the
dimensions of accident number and safety entropy. When the number of clusters is 4, the cluster centre of the
number of accidents in Cluster-11 is higher than that in Cluster-I, but the cluster centre of the safety entropy
value is smaller than that in Cluster-I. So, the best classification results are selected into two categories: high
risk and low risk.

Determination of the optimal grading threshold

Take the safety entropy data of each category with a clustering number of 2, sort the safety entropy values
from small to large, and draw a scatter plot, as shown in Figure 19. The graph shows that the safety entropy
values of different categories are not entirely separated, so it is necessary to define the optimal threshold for
safety entropy values.

The safety entropy values of the two types of clustering centres with a clustering number of 2 are the upper
and lower limits of the optimal classification threshold. In increments of 0.001, the K-means method classifies
the sample data as Cluster-1 under different classification thresholds. The classification threshold is defined as
the number of false positive samples nl1 for Cluster-1l, and the clustering result of the K-means method is
Cluster-11. The classification threshold is the number of false positive samples n2 for Cluster-1. Then, the
classification accuracy under different thresholds is calculated according to Equation 11, and the calculation
results are plotted as a line graph shown in Figure 20.
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Figure 19 — Sorted scatterplot of security entropy Figure 20 — Accuracy of different classification thresholds

The above figure shows that when the classification threshold for selecting the safety entropy value is
0.0507, the accuracy of defining high and low risks reaches 92%. Therefore, the optimal classification
threshold is determined to be 0.0507.

5.5 Result analysis

According to the calibration results of the optimal classification threshold, the risk levels of 28 road segment
units were divided, and the division results are shown in Table 8. According to the division results, 11 out of 28
road segment units are high-risk, while 17 are low-risk.
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Table 8 — Results of risk classification of each road section unit

Road segment units Safe entropy Risk levels Road segment units Safe entropy Risk levels
1 0.028568 low 15 0.049589 low
2 0.070766 high 16 0.018179 low
3 0.050339 low 17 0.04499 low
4 0.051534 high 18 0.051299 high
5 0.048705 low 19 0.042482 low
6 0.051198 high 20 0.049342 low
7 0.046557 low 21 0.054853 high
8 0.05178 high 22 0.047582 low
9 0.050669 low 23 0.060679 high
10 0.056232 high 24 0.043897 low
11 0.054137 high 25 0.048713 low
12 0.052077 high 26 0.046506 low
13 0.047701 low 27 0.041949 low
14 0.054327 high 28 0.044581 low

Statistics were collected on the number of accidents in high and low-risk road sections, as shown in Figure
21.
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Figure 21 — Number of road section unit accidents with different risk levels

From the above figure, it can be seen that there is a significant difference between the mean and median
number of accidents in the high and low-risk sections, with the number of accidents in the low-risk section
being much lower than that in the high-risk section. The maximum number of accidents occurring on low-risk
road sections is 3, and the minimum number of accidents occurring on high-risk road sections is also 3. The
classification threshold for road traffic safety risks has a good effect on the dimension of accidents, and the
determination of the dimension of accidents and determining risk levels is generally feasible. However, due to
the incomplete equivalence between traffic safety risks and accidents and the model’s limitations, there are
also situations where the number of accidents on certain high-risk sections is relatively low, and the number
of accidents on low-risk sections is relatively high.
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6. CONCLUSIONS

This article uses data from the radar video integrated sensors for identifying unsafe driving behaviour,
analyses the correlation between unsafe driving behaviour and traffic accidents, and establishes a road traffic
safety risk estimation method based on an improved entropy method.

1) Based on high-precision and low latency data from the radar video integrated sensors, the characterisation
parameters and thresholds of seven types of unsafe driving behaviours (speeding, abnormal low speed,
unstable vehicle speed, rapid acceleration, rapid deceleration, abnormal car following and sudden lane
changes) were measured and calibrated. A specific recognition algorithm process was constructed to
achieve accurate recognition of unsafe driving behaviours, providing an important data foundation for road
traffic safety risk assessment.

2) Taking the left lane of the Jiaozhou Bay Tunnel in Qingdao as an example, the model was validated using
13 days of measured data. Based on actual accident data and K-means clustering results of safety entropy
values, traffic operation risks were classified into high risk and low risk, and the optimal classification
threshold of safety entropy values was studied with the goal of model recognition accuracy. The results
show that when the safety entropy classification threshold is 0.0507, the risk level judgement of the
research section is most accurate, with an accuracy rate of 92%. This has practical reference significance
for safety warning and control in the Jiaozhou Bay Tunnel in Qingdao.

3) Research has shown that the road traffic safety risk estimation method based on driving behaviour data
can effectively estimate road traffic safety risks. The unsafe driving behaviour recognition method
constructed in this paper can effectively identify road risk points and achieve road risk estimation through
the constructed road traffic safety assessment model, thereby realising the prevention and early warning
of road traffic risks.

The driving behaviour data records the interaction results between the driver and other factors in the “human
vehicle road law environment” system. Mining driving behaviour data can help evaluate driving risks and
improve traffic safety and efficiency. There are still some shortcomings and areas that need further research in
this study, mainly reflected in the following aspects:

1) The sudden lane change behaviour is typical unsafe driving behaviour. Although this article has identified
this behaviour, due to the complexity of the methods for determining the start and end times of lane change
behaviour, manual verification can only be used on small sample data. With the development of future
vehicle road collaboration and autonomous driving, it is imperative to develop recognition algorithms for
massive data. Therefore, further research is needed on the recognition algorithms for this behaviour.

2) This article mainly focuses on the study of longitudinal unsafe driving behaviour. However, on urban roads,
lateral unsafe driving behaviours such as sticking and riding on lines also pose significant safety hazards.
With the continuous development of data collection technology, further exploration is needed on how to
accurately characterise these behaviours based on trajectory data.

3) The ultimate goal of using driving behaviour data to assess road traffic safety risks is to scientifically
improve and optimise the road driving environment. How to effectively combine security risks with
operational control measures is a topic that needs further research.
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