
Citation: Zhang, X.; Qi, S.; Zheng, A.;

Luo, Y.; Hao, S. Data-Driven Analysis

of Fatal Urban Traffic Accident

Characteristics and Safety

Enhancement Research. Sustainability

2023, 15, 3259. https://doi.org/

10.3390/su15043259

Academic Editor: Maxim A.

Dulebenets

Received: 17 December 2022

Revised: 2 February 2023

Accepted: 3 February 2023

Published: 10 February 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Data-Driven Analysis of Fatal Urban Traffic Accident
Characteristics and Safety Enhancement Research
Xi Zhang 1,2, Shouming Qi 2,3,* , Ao Zheng 2,4, Ye Luo 2 and Siqi Hao 5

1 School of Architecture, Harbin Institute of Technology, Shenzhen 518055, China
2 Shenzhen Urban Public Safety and Technology Institute, Shenzhen 518000, China
3 School of Civil Engineering and Environment, Harbin Institute of Technology, Shenzhen 518055, China
4 School of Architecture and Urban Planning, Shenzhen University, Shenzhen 518000, China
5 School of Port and Shipping Management, Guangzhou Maritime College, Guangzhou 510700, China
* Correspondence: shouming1991@163.com

Abstract: The occurrence of fatal traffic accidents often causes serious casualties and property losses,
endangering travel safety. This work uses the statistical data of fatal road traffic accidents in Shenzhen
from 2018 to 2022 as the basis to determine the characteristic patterns and the main influencing factors
of the occurrence of fatal road traffic accidents. The accident description data are also analyzed using
the analysis method based on Term Frequency-Inverse Document Frequency (TF-IDF) data mining
to obtain the characteristics of accident fields, objects, and types. Furthermore, this work conducts
a kernel density analysis combined with spatial autocorrelation to determine the hotspot areas of
accident occurrence and analyze their spatial aggregation effects. A principal component analysis
is performed to calculate the factors related to the accident subjects. Results showed that weak
safety awareness of motorists and irregular driving operations are the main factors for the occurrence
of accidents. Finally, targeted safety management strategies are proposed based on the analysis
results. In the current data era, the research results of this paper can be used for the prevention and
emergency of accidents to formulate corresponding measures, and provide a theoretical basis for
decision making.

Keywords: fatal traffic accidents; Term Frequency-Inverse Document Frequency; spatial autocorrelation;
principal component analysis; safety management strategies

1. Introduction

The demand and transport volume of road transport as important ways to ensure
the high-speed operation of the economy and society and achieve normal production and
consumption in various aspects continues to grow with the flourishing development of
China’s transportation industry. Road transport carrier operating vehicles are also steadily
developing. According to statistics, the country had 11,654,900 operating vehicles, including
776,700 operating buses and 10,878,200 operating trucks, by the end of 2019. A total of
248,000 road traffic accidents occurred nationwide in 2019, with 62,763 people killed and
256,101 injured in traffic accidents, resulting in direct property losses of CNY 1.346 billion.
The number of construction vehicles accounts for very little of the total number of motor
vehicles, while the number of road accident fatalities involving construction vehicles
accounts for approximately 30% of the overall road traffic accident fatalities. Despite
achieving efficient and convenient transportation, driving risks have the characteristics of
low probability and high impact, with significant safety hazards.

The main influencing factors of road traffic accidents can be divided into four aspects:
driver, vehicle, road and environment. The occurrence of road traffic accidents is often a
comprehensive reflection of the interaction of multiple factors. Among them, whether the
driver drives safely according to the regulations and whether the vehicle has safety risks
are the leading factors for the occurrence of accidents. The road characteristics, natural
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environment, and social environment in the accident area are the potential factors. By
studying the interaction between related factors in traffic accidents and the connection
between accidents, the occurrence rules and main causes of accidents can be obtained so
as to judge and forecast the hotspots of accidents, take targeted measures to reduce the
accident rate, and ensure the safety of traffic.

2. Literature Review
2.1. Study on Road Accident Characteristics

Researchers have conducted extensive studies on the main characteristics and spatial
effects of accidents by using GIS analysis tools and constructing consistent mathematical
and statistical models based on different data sources, accident influencing factors, and
accident samples in the research related to the characteristics of road traffic accidents. Elke
et al. [1] proposed that road traffic safety is determined by seven main factors, and the use
of ordered weighted average algorithm and expert evaluation method for road traffic safety
can solve the road system safety problem to a large extent. Anderson [2] analyzed the
spatial distribution pattern of road traffic accidents based on the road traffic accident data of
the city of London using the kernel density estimation method. The results showed that the
accidents were spatially clustered in the distribution pattern. Murat et al. [3] analyzed the
traffic accident data of Denizli in Turkey by using K-means and fuzzy clustering algorithm
to obtain the black spots of the accident and evaluate the characteristics of the black spots.
Amira et al. [4] used kernel density estimation of 1D and 2D spatial dimensions, nearest
neighbor distance based on network, network K-function, random forest algorithm, and
spatio-temporal hot zone analysis to integrate GIS data and road traffic data together for
neighborhood network analysis and obtained accident-prone road sections. The hotspot
areas where accidents occur can be effectively determined through spatial characteristics
analysis of traffic accidents by a clustering algorithm combined with spatial autocorrelation
analysis. Jasiuniene et al. [5] used the fatal road accident, road, and traffic parameters in
Lithuania during 2014–2018 as the bases for predicting accidents at road intersections using
Bayesian methods and proposed to utilize the predicted road fatalities to calculate the fatal
accident density and the level of this indicator to evaluate the road safety level. Ma et al. [6]
used density analysis to identify high accident areas based on the road traffic accident
data in Wales in 2017, and outlier and hotspot analysis models to identify areas with high
accident severity and determine the clustering characteristics of accidents. Yang et al. [7]
used 2002–2019 based on traffic accident data from 31 provinces in China and studied the
spatial autocorrelation characteristics and spatial heterogeneity between provinces and
regions using statistical analysis and spatial autocorrelation analysis.

2.2. Study on the Influencing Factors of Accidents

In studies related to the factors influencing accidents, many scholars have analyzed
the multiple factors that lead to accidents in various fields from the systemic causation
theory and studied the interrelationships among the factors to find the causes of accidents.
William et al. [8] analyzed the influence of various factors on traffic accidents by studying
the relationship between the characteristics of traffic accident participants, characteristics
of accident time, types of vehicles involved in the accident, weather and road conditions,
and traffic accidents. Pontus et al. [9] identified and described the characteristics of bus
and coach accidents in terms of passenger gender, road conditions (urban and rural roads),
weather conditions (dry and wet), and accident patterns. Chu [10] discussed the influence
of risk factors on serious accidents related to long-distance driving of large buses on
expressways. The result showed that fatigue driving, drunk driving, and midnight and
dawn time periods, and other factors seriously affected the severity of traffic accidents of
large buses. Accordingly, management strategies were proposed. Zou et al. [11] examined
the effect of risk factors associated with serious accidents caused by long-distance driving of
large buses on highways, showing that factors such as fatigue, drunk driving, and midnight
and dawn time periods severely influence the severity of accidents of large buses, leading
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to the proposal of management strategies. Shen et al. [12] noted that accidents are caused
by a variety of factors (e.g., driver, vehicle, road conditions and traffic conditions). Guo [13]
concluded that individual driver–vehicle operation risk is related to accident rate, age, and
personality traits. Li and Bai [14] proposed evaluation indicators for highway operation
area safety and an index model for operation area driving risk evaluation. Hong et al. [15]
applied the apriori algorithm to study the factors influencing accidents involving hazardous
material transport vehicles on highways. The result showed that such vehicle accidents
were highly correlated with factors, such as male drivers, sunny days, daytime, and dry
roads. Ma et al. [16] showed that the accident season, time, place, tunnel length, and bad
weather are significantly correlated with the severity of the accident. Wong et al. [17]
concluded that the proportion of operating vehicles, radius of road curvature, and tram
stops had a significant positive correlation with accident frequency. Oralhan et al. [18]
used cox regression and life table model to analyze the traffic accident data in Kayseri,
Turkey, and obtained the influencing factors of fatal accidents. Kozlowski et al. [19] used an
improved classification tree algorithm to classify and evaluate accident factors in road–rail
intersections in the Polish region to qualify and assess them.

2.3. Study on the Accident Data Processing Method

Manual statistics and incomplete data capturing induce inevitable data bias, therefore
missing values and noisy values are very common. Therefore, data pre-processing takes
almost 80% of the total statistical analysis [20]. The anomalous data may provide false infor-
mation for the results analysis of a fatal urban traffic accident; thus, detecting abnormal data
and recovering the missing data are both essential in data pre-processing. Many techniques
have been proposed for outlier detection and correction: linear regression, neural network,
decision trees, and the maximum likelihood estimation-based Bayesian dynamic linear
model [21–23]. For missing value, mainly strategies are deletion, mean imputation [24],
and data-driven imputation. Simply deleting missing values is recognized as the simplest
way in handling incomplete data, but it would shrink the sample size and may cause loss
of valuable information. Mean imputation replace the missing values for given data with
the mean or median, which is widely used [25] due to its easy implementation. Meanwhile,
some of advanced data-driven methods that have been applied currently include k-nearest
neighbors, decision trees, chained equations and Bayesian dynamic regression [26–28].

The consequences of fatal traffic accidents are often more serious compared with
ordinary traffic accidents, and their accident fields, accident objects, accident occurrence
areas, accident impact factors, and other accident characteristics are different from ordinary
traffic accidents, which should be analyzed in a timely and focused manner to determine
the laws of fatal traffic accidents and accident occurrence hotspots and take targeted
management measures to prevent the occurrence of such serious accidents. This study,
which is based in Shenzhen city, China, uses data mining to calculate and analyze the
fatal road traffic accidents in the past 5 years and obtains the main accident characteristics,
accident hotspots, and major influencing factors to provide a reference basis for traffic
safety management.

3. Fatal Traffic Accident Feature Extraction
3.1. Data Description

The data of fatal traffic accidents (accidents with one to two fatalities) in the field of
road transport in Shenzhen from 2018 to 2022 were chosen as the basis for the study, with a
data sample of 330 items. The data used for the study were obtained through data cleaning,
removing attribute items with high missing rates and those irrelevant to the study analysis,
and standardizing the statistical values of the data according to a unified standard. The
attributes include accident time, accident location, accident fields, accident areas, accident
objects, accident types, and accident impact factors. See details in Table 1.
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Table 1. Description table of incident data attributes.

Serial Number First Level Indicators Second Level Indicators Variable Description

1 Accident Time

Morning peak (7:00–9:00) 1

Evening peak (18:00–20:00) 2

Flat peak (other time) 3

2 Accident Location
Road section 1

Junction 2

3 Accident Fields

Dump truck transportation 1

General road freight transportation 2

Road passenger transport 3

Buses 4

Taxis 5

Online car-hailing 6

4 Accident Areas

Nanshan District 1

Futian District 2

Luohu District 3

Yantian District 4

Bao’an District 5

Longgang District 6

Longhua District 7

Ping Shan District 8

Guangming District 9

Dapeng New District 10

5 Accident Objects

Motor vehicles 1

Electric Bicycles 2

Bicycles 3

Pedestrians 4

6 Accident Types
Collision 1

Crushing 2

7 Accident Impact Factors

Motorist factor 1

Non-motorist factors 2

Pedestrian factor 3

The accident profile description is detailed recorded information on the occurrence of
the accident. The factors that influence the accident include motorist factors, non-motorist
factors, the accident subject factors of pedestrian factors, and 21 specific factors are recorded.

3.2. Word Cloud Analysis Based on Accident Description Data

The accident description data in the accident statistics provide the specific information
of the accident process in detail, and the key information of the text can be quickly identified
from a large amount of text data information by using text semantic analysis. In this study,
an analysis corpus is constructed by text extraction of accident data descriptions, and a
traffic accident feature lexicon is established based on the text description data. The feature
lexicon includes accident features, such as accident time, accident location, accident domain,
accident field, accident object, accident type, and accident influencing factors. The Jieba
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text splitting lexicon is used in the python compilation environment to set up deactivated
words to eliminate redundant data, establish the subsumed lexicon to standardize similar
statements, and perform word separation and accident feature word frequency statistics
to obtain the frequency of relevant accident feature words in the accident description. A
Wordcloud-based word cloud plotting of the frequency of the accident features can be
conducted to visualize the frequency of the relevant feature words by setting the correlation
coefficient between the frequency and the size of the feature words (Figure 1).
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Figure 1. Word cloud of fatal traffic accident text description data.

According to the word cloud analysis of the accident description text data, the key
words, such as dump truck, with electric bicycles, road intersection, collide, Baoan District,
and failing to drive safely according to operating specifications, are significantly shown in
the word cloud diagram, indicating that the feature words appear more frequently in the
accident description. The key words in the feature words will be extracted using semantic
analysis algorithms.

3.3. Keyword Extraction Based on the TF-IDF Algorithm

In the extracted accident text data, the importance of a feature word proportionally
increases with its occurrence in the text, but it also inversely decreases with its frequency of
occurrence in the corpus. The study uses the TF-IDF algorithm to calculate and extract the
key feature words in fatal traffic accidents, where the TF value is the feature word frequency,
which is the frequency of feature words appearing in the corpus and used to describe the
importance of feature words in the corpus; IDF is the inverse document frequency, which
responds to the relationship between accidents in which feature words appear and all
accidents, and it is used to describe the general importance of feature words. The TF-IDF
algorithm’s calculation formula is as follows [29]:

wt =
D

∑
d = 0

mdt
M
·lg |D|

mt + 1

/
D, (1)

where mdt is the frequency of occurrence of feature word t in incident d, M is the sum of the
occurrences of all feature words in incident d, D is the total number of incident cases in the
corpus, and mt is the number of incident cases in the corpus containing feature word t.
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The 30 feature words with high TF-IDF values were obtained as keywords by screening,
and the results were normalized. The final results corresponding to the feature values are
shown in the following Table 2.

Table 2. Calculated TF-IDF values of the incident analysis feature terms.

Serial
Number Characteristic Words Eigenvalue Serial

Number Characteristic Words Eigenvalue

1 Dump truck 0.0390 16 Longhua District 0.0187

2 Road intersection 0.0388 17 Taxi 0.0177

3 Failing to drive safely according
to operating specifications 0.0387 18 Overspeed 0.0119

4 General road freight transport 0.0387 19 Nanshan District 0.0114

5 With electric bicycles 0.0384 20 Overload 0.0103

6 Collide 0.0381 21 Turn a corner 0.0098

7 With pedestrians 0.0380 22 Futian District 0.0092

8 Carelessness 0.0380 23 Crossing the road on a
non-sidewalk section 0.0082

9 Longgang District 0.0375 24 Pingshan District 0.0082

10 Bao’an District 0.0362 25 With conduct impeding
safe driving 0.0076

11 With bicycles 0.0265 26 Zebra crossing 0.0071

12 Morning peak 0.0256 27 With motor vehicle 0.0061

13 Rear-end collision 0.0248 28 Driving without licence 0.0056

14 Evening peak 0.0226 29 Online car-hailing 0.0056

15 Driving on a motorway 0.0192 30 Luohu District 0.0056

According to the analysis results of the keywords from Table 2, dump truck trans-
portation, general road freight transportation, taxi, and online car-hailing are the fields
of fatal traffic accidents. The morning (7:00–9:00) and evening (18:00–20:00) peaks are the
accident-prone times. Meanwhile, Longgang District, Bao’an District, and Longhua District
in Shenzhen are the accident-prone areas, and collision is the main accident type. The main
objects of accidents involved vulnerable groups, such as electric bicycles, pedestrians, and
bicycles. The causes of accidents were dominated by factors such as failing to safely drive
according to operating specifications, carelessness, and conduct impeding safe driving. The
non-motorized vehicles and pedestrians occupying the road and crossing the road illegally
were also contributing factors.

4. Spatial Characterization of Fatal Traffic Accidents

This study obtained the latitude and longitude coordinates of the accident locations
by crawling the spatial coordinates of the accident locations appearing in the statistical
data combined with the Baidu Map API. The kernel density estimation and spatial auto-
correlation methods were used to analyze the aggregation effect of fatal traffic accidents
and to determine the black spot areas where fatal traffic accidents occur by combining the
administrative boundaries, streets, and road network data of the study area. The causes are
also explored. This study hypothesis states that every point where an accident occurs is
randomly distributed in time and space
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4.1. Spatial Distribution Characteristics of Fatal Traffic Accidents Based on Kernel
Density Estimation

The visual effect was determined by overlaying the latitude and longitude coordinates
of fatal traffic accidents in the study area with road network data, administrative boundaries,
and administrative district data in GIS software, which shows the proximity of local
accident points and the potential spatial aggregation effect to be explored.

This study uses kernel density estimation to explore the spatial characteristics of the
locations of fatal traffic accidents in the study area. Kernel density estimation can determine
the focusing dynamics between an accident point and its surroundings, thus reflecting
the distribution dynamics of accidents. Accident kernel density is measured based on the
spatial distribution elements of accident points in the study area to calculate the clustering
characteristics of accidents. If the kernel density estimate is larger, then the higher the
spatial distribution density of the accidents, the greater the hazard. The Rosenblatt-Parzen
kernel estimation model is used in this study and calculated as follows:

Rn(x) =
1

nh

n

∑
i = 0

k(
x− xi

h
), (2)

where Rn(x) is the kernel density value of the incident point distribution, n is the number
of incident points, k is the kernel function, and h > 0 is the bandwidth; and (x − xi) is the
distance value from the estimated value point to the measurement point xi. The kernel
function and the bandwidth h determine the degree of nuclear density.

The results of the spatial distribution of nuclear densities within the study area are
shown in Figure 2. Spatial clustering of accidents occurs in Baoan, Longgang, Longhua and
Futian districts, and some clustering of accident occurrences can be observed between the
respective districts. Accordingly, the scale of the study must be reduced, and the current
district scale must be refined to the street scale. Although local high values of nuclear
density exist in the study area, the high-value areas may not be statistically significant
accident hotspots, but rather they should be surrounded by other areas with high accident
rates. Thus, spatial autocorrelation should be used to calculate and analyze significant
accident hotspots.

Sustainability 2023, 15, x FOR PEER REVIEW 7 of 19 
 

 

4.1. Spatial Distribution Characteristics of Fatal Traffic Accidents Based on Kernel Density 

Estimation 

The visual effect was determined by overlaying the latitude and longitude coordi-

nates of fatal traffic accidents in the study area with road network data, administrative 

boundaries, and administrative district data in GIS software, which shows the proximity 

of local accident points and the potential spatial aggregation effect to be explored. 

This study uses kernel density estimation to explore the spatial characteristics of the 

locations of fatal traffic accidents in the study area. Kernel density estimation can deter-

mine the focusing dynamics between an accident point and its surroundings, thus reflect-

ing the distribution dynamics of accidents. Accident kernel density is measured based on 

the spatial distribution elements of accident points in the study area to calculate the clus-

tering characteristics of accidents. If the kernel density estimate is larger, then the higher 

the spatial distribution density of the accidents, the greater the hazard. The Rosenblatt-

Parzen kernel estimation model is used in this study and calculated as follows: 

0

1
( ) ( )

n
i

n

i

x x
R x k

nh h=

−
=  , (2) 

where ( )nR x  is the kernel density value of the incident point distribution, n is the num-

ber of incident points, k is the kernel function, and h > 0 is the bandwidth; and (x − xi) is 

the distance value from the estimated value point to the measurement point xi. The kernel 

function and the bandwidth h determine the degree of nuclear density. 

The results of the spatial distribution of nuclear densities within the study area are 

shown in Figure 2. Spatial clustering of accidents occurs in Baoan, Longgang, Longhua 

and Futian districts, and some clustering of accident occurrences can be observed between 

the respective districts. Accordingly, the scale of the study must be reduced, and the cur-

rent district scale must be refined to the street scale. Although local high values of nuclear 

density exist in the study area, the high-value areas may not be statistically significant 

accident hotspots, but rather they should be surrounded by other areas with high accident 

rates. Thus, spatial autocorrelation should be used to calculate and analyze significant 

accident hotspots. 

 

Figure 2. Analysis of nuclear density in the study area. Figure 2. Analysis of nuclear density in the study area.



Sustainability 2023, 15, 3259 8 of 19

4.2. Analysis of Fatal Traffic Accident Hotspot Areas Based on Spatial Autocorrelation
4.2.1. Spatial Distribution Characteristic Analysis of Fatal Traffic Accidents Based on
Global Moran’s I

The study obtained the number of accidents occurring in each street area by overlaying
the accident occurrence points with the street zoning data of the study area to explore
the spatial characteristics of accident hotspot areas at the regional scale and explore the
accident occurrence pattern. Moreover, Moran’s I was for calculation and analysis to study
the spatial dependence of the accident occurrence areas with the following formula.

I =
n

n
∑

i = 1

n
∑

j = 1
wi,j

n
∑

i = 1

n
∑

j = 1
wi,jzizj

n
∑

i = 1
zi

2
, (3)

where wi,j is the spatial weight between elements i and j; zi and zj are the observations of
the incident points in spatial cells I and j standardized, respectively; and n is equal to the
total number of incident points.

The formula for calculating the ZI value of the statistics is as follows.

ZI =
I − E[I]√

V[I]
, (4)

of which:
E[I] = − 1

(n− 1)
, (5)

V[I] = E[I2]− E[I]2, (6)

where: V[I] is the variance of Moran’s I; E[I] is the expected value of Moran’s I.
The output correlation calculation indicators are Moran’s I index, expected index,

Z-value, p-value, and variance. The Z-value is the multiple of standard deviation, and
the p-value is the probability. The Z and p values can obtain a confidence level of spatial
correlation based on Moran’s I index (Table 3).

Table 3. Z-value and p-value corresponding to confidence levels.

Z-Value (Standard Deviation) p-Value (Probability) Confidence %

≤−1.65 or ≥1.65 <0.10 90

≤−1.95 or ≥1.95 <0.05 95

≤−2.58 or ≥2.58 <0.01 99

According to the calculated results, where the Moran’s I is 0.353, the distribution of
results is on the right side of the normal distribution, and the region reflects aggregation. A
Z value of 6.45 and p value of 0, according to the confidence correspondence table, indicate
that a 99% probability that the current data are clustered, and the possibility of aggregation
is greater than the possibility of random distribution. Hence, the distribution of fatal traffic
accidents in the study area is characterized by significant spatial clustering, with a pattern
of positive spatial correlation (i.e., streets with high accident rates cluster with each other,
and streets with low accident rates cluster with each other).

When the number of accidents in the study street area was calculated, the report graph
shows a significant normal distribution based on the GIS software output report as shown
in the Figure 3, with a regional random distribution in the middle part, an agglomerative
distribution on the right side, and a discrete distribution on the left side.
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4.2.2. Spatial Distribution Characteristic Analysis of Fatal Traffic Accidents Based on
Local Moran’s I

The global Moran I analysis shows that the number of fatal traffic accidents in each
street area studied is positively correlated with the spatial distribution of the street area,
and a significant spatial aggregation of accident areas exists. Therefore, the local Moran I
can be used to analyze the specific aggregation areas and characteristics, and it is calculated
as follows:

Ii =
xi − X

S2
i

n

∑
j = 1,j 6= i

wi,j(xj − X), (7)

where xi is the accident level attribute of element i; x is the mean of the corresponding
attributes; wi,j is the spatial weight between elements i and j; and Si is the aggregation of all
spatial weights.

S2
i =

n
∑

j = 1,j 6= i
(xj − X)

2

n− 1
, (8)

where: n is equal to the area where the accident point is located.
The formula for calculating the ZI value of the statistics is as follows:

ZIi =
I − E[Ii]√

V[Ii]
, (9)

of which:

E[Ii] = −

n
∑

j = 1,j 6= i
wi,j

(n− 1)
, (10)

V[Ii] = E[Ii
2]− E[Ii]

2, (11)

where: V[I] is the variance, and E[I] is the expected value.
In the local Moran I, a 95% confidence level of statistical significance is used (i.e.,

a p-value of less than 0.05 is statistically significant). Under the condition of statistical
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significance, if the I value is positive, then the data point has the same high or low attribute
value as the neighboring points, and the point is part of a high–high value cluster or a
low–low value cluster. The magnitude of the attribute value of the point in relation to the
average of the attributes of all data points determines whether it is a high–high or low–low
clustering. A negative I-value indicates that the data point is significantly different from
the attribute values of the neighboring points (i.e., the point is an outlier).

The local Moran I and P and Z values for each area were calculated using the above-
mentioned formulae to investigate the spatial correlation of the occurrence of fatal traffic
accidents in the area of each street under study. The statistics of the calculated results for
streets with aggregation effects and outliers are shown in Table 4 and visualized in Figure 4.

Table 4. Results of local Moran I calculations.

OBJECTID Join_Count LMiIndex LMiZScore LMiPValue COType

1 13 2.476 7.865 0.000 HH

2 9 1.265 3.098 0.002 HH

3 8 1.876 4.796 0.000 HH

4 11 1.457 4.859 0.000 HH

5 9 2.045 4.697 0.000 HH

6 6 0.849 2.628 0.009 HH

7 1 0.434 2.156 0.031 LL

8 0 0.563 2.718 0.007 LL

9 0 0.682 3.007 0.003 LL

10 0 0.719 2.208 0.027 LL

11 1 0.342 1.995 0.046 LL

12 1 0.389 2.007 0.045 LL

13 1 0.454 2.163 0.031 LL

14 1 0.444 2.206 0.027 LL

15 1 0.509 2.249 0.025 LL

16 0 0.950 2.141 0.032 LL

17 1 0.512 2.132 0.033 LL

18 0 0.659 3.162 0.002 LL

19 0 0.583 2.422 0.015 LL

20 0 0.727 3.235 0.001 LL

21 1 0.549 2.293 0.022 LL

22 7 −0.443 −2.231 0.026 HL

23 5 −0.442 −2.044 0.041 HL

The Figure 4 shows that the areas with street area numbers 1–6 show a high concentra-
tion of accidents, in the order of the northern streets of Longgang District, the northeastern
streets of Longhua District, and the northwestern streets of Baoan District, similar to the
previous analysis of the administrative areas with a high incidence of accidents. The traffic
and surrounding environment of the high accident-incidence street areas are complex,
with a large number of industrial parks and dense population, high demand for freight
transport, the presence of highways, expressways, and main roads for freight transport,
and the proximity to the municipal boundary, which is the main route for external traffic,
resulting in high accident rates and clusters. Most streets in Futian and Luohu Districts
and some of the streets in Yantian District show low clustering of accident occurrences,
indicating that the accident rates in these areas are low and present traffic safety clustering
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areas. The reason for this is the two important traffic hubs in the area with street number 22
and many residential communities in the surrounding area, which are prone to traffic
accidents due to the large number of people and vehicles. A city expressway interchange
occurs in street number 23, and vehicles enter the surrounding roads via the side roads
often at high speeds. This area is close to the residential areas and schools, with a high
volume of pedestrian and vehicular traffic in the morning and evening peaks, making it
easy for accidents to occur at road intersections.
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4.2.3. Analysis of Fatal Traffic Accident Hotspot Areas Based on Getis-Ord Gi*

After the local spatial autocorrelation analysis, the main streets where accidents occur
can be obtained. Getis-Ord Gi* was used to calculate and analyze the hotspot areas where
accidents occur by dividing the streets in the study area into geographical units for further
exploring the connection between the gathering areas and the surrounding areas. The
formula is as follows:

G∗i =

n
∑

j = 1
wi,jxj − X

n
∑

j = 1
wi,j

S

√
n

n
∑

j = 1
w2

i,j−(
n
∑

j = 1
wi,j)

2

n−1

, (12)

where xj is the attribute value of element j, wij is the spatial weight between elements i and
j, n is the total number of elements, and

X =

n
∑

j = 1
xj

n
, (13)

S =

√√√√√ n
∑

j = 1
x2

j

n
− (X)

2. (14)

The G∗i value returned from the calculation for each street in the study area is a
statistically significant Z-score. When the value is positive, the higher the value, the more



Sustainability 2023, 15, 3259 12 of 19

closely clustered the accident-prone street area is; when the value is negative, the lower the
value, the more closely clustered the street area with a lower accident frequency is. The
hotspot areas where fatal traffic accidents occur in Shenzhen are mainly concentrated in the
relevant streets in the north of Baoan District, the relevant streets in the north of Longgang
District, and the relevant streets in the northeast of Longhua District (Figure 5).
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5. Analysis of the Factors Influencing Fatal Road Traffic Accidents Based on Principal
Component Analysis
5.1. The Process of Principal Component Analysis

The subjective factors of each accident subject during an accident are regarded as the
primary factors contributing to the accident. This study hypothesis states that potential
correlations exist among these influencing factors. This study uses principal component
analysis to synthesize the multiple influencing factors of each accident subject in the data
to extract the primary influencing factors of the accident.

The basic idea of principal component analysis is to regroup a large number of indica-
tors with a certain degree of correlation into a new set of mutually independent composite
indicators (i.e., to make a linear combination of the original indicators into a number of new
indicators). The first linear combination is required to have the largest variance (i.e., the
first composite indicator contains the most information). If the first principal component is
not sufficient to represent the information of all the original indicators, then we consider
selecting a second principal component and that the existing information does not appear
in it, and so on, until the selected principal component has sufficient information needed
for the evaluation. The main calculation steps are as follows:
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(1) Determine the sample data.

X =


x1
x2
. . .
xn

 =


x11 x12 . . . x1l
x21 x22 . . . x2l
. . . . . . . . . . . .
xn1 xn2 . . . xnl

, (15)

where n is the number of samples, and l is the number of factors.

(2) Data normalization is calculated as follows:

x∗ij = (xij − xj)/σj, (16)

xj =
n

∑
t = 1

(xij/n), (17)

σj =
1

n− 1

n

∑
t = 1

(xij − xj)
2, (18)

where i = 1, 2, 3, . . . n; j = 1, 2, 3, . . . , l; t = 1, 2, 3, . . . , n.

(3) Find the correlation matrix R for the indicator data.

R = (rij)1×1 (19)

rij =
1
n

n

∑
t = 1

x∗tix
∗
tj (20)

(4) Find the eigenvalues and eigenvectors of matrix R.

If the eigenvalues are denoted as λ1 ≥ λ2 ≥ . . . ≥ λi ≥ 0, then a1, a2, . . . , al are the
corresponding unit orthogonal eigenvector principal components, as shown in Equation
(21), where Zi is the first principal component.

Zi = aiX (21)

(5) Calculate the principal component contribution.

G(m) =
m

∑
i = 1

λi/
m

∑
i = 1

λi (22)

The accident statistics selected for this study include records of the factors influencing
the accident for the subject of the accident, including the direct and contributing factors
leading to the accident, such as motorists, non-motorists, and pedestrians. The influencing
factors for motorists include motorists failing to drive safely according to operating specifi-
cations, carelessness, distracted driving, passing in violation of prohibited signs, passing
in violation of traffic signals, overspeeding, overloading, fatigue driving, and driving a
vehicle with hidden safety hazards. For non-motorists their accident influencing factors
include nine influencing factors such as driving on the motorway, failure to follow signal
lights, illegal carriage of persons, illegal load, driving without a license, failure to wear
a safety helmet, unsafe overtaking, drunk driving and driving in the opposite direction.
The accident influencing factors for pedestrians include three items such as entering and
walking in the motorway, illegal crossing of the road, and running a red light. The factors
are categorized and numbered in Table 5 below.
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Table 5. Factors influencing the main body of fatal traffic accidents.

Subject of the Accident Influencing Factors No.

Motorists

Carelessness f 1

Failing to drive safely according to operating specifications f 2

Distracted driving f 3

Passing in contravention of prohibited signs f 4

Passing against traffic signals f 5

Overspeed f 6

Overload f 7

Driving a vehicle with hidden safety hazards f 8

Driving while fatigued f 9

Non-motorists

Driving on the motorway f 10

Failure to follow signal lights f 11

Illegal carriage of persons f 12

Illegal load f 13

Driving without a licence f 14

Failure to wear a safety helmet f 15

Unsafe overtaking f 16

Drunk driving f 17

Driving in the opposite direction f 18

Pedestrians

Entering and walking in the motorway f 19

Illegal crossing of the road f 20

Running a red light f 21

5.2. The Selection of Influencing Factors

The KMO and Bartlett’s sphericity tests were used to calculate the correlation indica-
tors between the factors influencing the accident before the principal component analysis
was carried out. The closer the KMO value is to one, the stronger the correlation between
the variables, and the Bartlett’s sphericity test value is less than 0.01, indicating that the
stronger the correlation between the variables is, the more suitable for principal component
analysis. As shown in Table 6, the KMO value of the data selected for this paper was 0.706,
with a significance much less than 0.01. Correlation exists between the influencing factors,
and the operation of principal component analysis can be carried out.

Table 6. KMO and Bartlett’s test results.

KMO and Bartlett’s Test

KMO Sampling Suitability Quantities 0.706

Bartlett’s Sphericity Test

Approximate cardinality 264.124

Freedom 128

Significance 0.000 ***
Note: *** p < 0.01.

The standardized data were subjected to principal component covariance matrix
analysis in SPSS, and the eigenvalues corresponding to each principal component were
ranked by calculation and rotated using the maximum variance method, as shown in
Table 7. The total variance of the first eight principal components of after rotation explains
a cumulative percentage of 85.062%, indicating that the first eight principal components
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can represent this dataset well. Furthermore, the percentage of their variance decreases in
order, indicating that the principal components are decreasing in importance.

Table 7. Total variance explained.

Initial Eigenvalue Sum of Squared Rotating Loads

Ingredients Total Percentage Variance Cumulative Total Percentage Variance Cumulative

1 4.857 23.131 23.131 4.645 22.119 22.119

2 3.545 16.883 40.014 3.31 15.762 37.881

3 2.571 12.244 52.257 2.368 11.276 49.157

4 2.170 10.335 62.592 2.124 10.114 59.271

5 1.539 7.329 69.921 1.598 7.610 66.881

6 1.109 5.280 75.201 1.389 6.614 73.495

7 1.053 5.013 80.215 1.27 6.048 79.543

8 1.036 4.932 85.146 1.159 5.519 85.062

The rotated component matrix was obtained using factor analysis to further explore
the relationship between the influencing indicators and the principal components, as shown
in the Table 8. The absolute value of factor loadings greater than 0.6 was selected as the
main influencing factor of accident occurrence, and the rest were secondary influencing
factors with decreasing degree of influence on accident occurrence according to the decay
of their coefficient values.

In Table 8, the main influencing factor for principal component 1 is f 2 (i.e., the driver
failed to safely drive according to the operating specifications); the main influencing factor
for principal component 2 is f 1 (i.e., the motorist is careless in the driving process); and
the main influencing factor of principal component 3 is f 8 (i.e., the motorist is driving a
vehicle with hidden safety hazards). Meanwhile, the main influencing factor is f 10 (i.e., the
non-motorist driving on the motorway). The main influencing factor is f 6 (i.e., motorists
driving at excessive speed); the main influencing factor for principal component 6 is f 7
(i.e., motorists driving overloaded); the main influencing factor of principal component 7
is f 3 (i.e., motorists driving distracted); and the main influencing factor for principal
component 8 is f 14 (i.e., non-motorist driving without a license).

Among the factors influencing the fatal traffic accidents based on the principal com-
ponent analysis, the causes of motorists are the dominant factors causing accidents to
occur, among which, motorists fail to safely drive according to operating specifications,
demonstrate carelessness, fail to deal with safety hazards of the vehicle in a timely manner,
are over-speeding, overloading, and demonstrating distracted driving behavior, which
shows that the safety awareness of motorists and their driving practices must be improved.
Non-motorized drivers driving on the motorway and driving without a license were also
major factors in the accidents, and the management of non-motorized drivers and vehicles
must be strengthened.



Sustainability 2023, 15, 3259 16 of 19

Table 8. Rotated component matrix.

Factor No.
Rescale

1 2 3 4 5 6 7 8

f 1 0.297 0.933 −0.131 −0.115 0.060 −0.046 −0.061 −0.005

f 2 0.922 −0.303 −0.218 −0.065 0.079 0.001 −0.008 0.015

f 3 0.052 0.127 −0.196 −0.079 0.031 0.349 0.603 −0.563

f 4 0.057 0.053 0.165 0.063 0.048 0.242 0.185 −0.291

f 5 −0.040 −0.060 0.020 −0.049 0.118 0.115 0.023 −0.060

f 6 −0.176 −0.028 0.134 0.232 0.936 0.039 −0.048 −0.038

f 7 0.238 0.137 0.317 0.196 −0.085 0.822 −0.243 0.120

f 8 0.450 0.088 0.840 0.183 −0.073 −0.177 0.044 −0.086

f 9 0.007 0.028 0.054 −0.029 −0.047 0.122 0.049 −0.084

f 10 0.059 0.071 −0.407 0.855 −0.154 −0.085 −0.157 −0.161

f 11 0.024 0.028 −0.074 0.103 0.130 −0.093 0.020 0.114

f 12 0.015 0.067 −0.080 0.307 0.137 −0.109 0.232 −0.065

f 13 0.100 −0.040 0.138 0.041 −0.032 0.182 −0.018 −0.054

f 14 0.107 0.223 −0.043 0.346 0.033 0.091 0.511 0.646

f 15 0.068 0.116 −0.030 0.362 −0.012 −0.057 0.482 0.357

f 16 0.154 0.151 −0.084 0.238 0.033 −0.189 0.193 −0.157

f 17 0.020 0.048 −0.048 0.136 0.103 0.138 −0.043 0.127

f 18 −0.076 −0.010 −0.038 0.147 −0.068 −0.014 0.138 0.161

f 19 −0.014 −0.094 0.012 −0.061 0.266 −0.090 −0.128 0.054

f 20 −0.060 −0.104 0.103 −0.076 0.115 −0.176 −0.137 0.058

f 21 0.083 −0.009 −0.069 −0.085 0.024 −0.040 −0.057 0.038

6. Research on the Countermeasures of Safety Enhancement

The above-mentioned analysis method shows that among the fatal traffic accidents
that occurred in Shenzhen in the past 5 years, the accident fields are mainly concentrated
in dump truck transportation, general freight transportation, and taxis. The morning and
evening peaks are still the high incidence of accidents, and an obvious spatial aggregation
effect in the occurrence of accidents can be observed in the study area. Among the influ-
encing factors of accident subjects, motorists’ factors dominate, mainly in terms of weak
safety awareness and irregular driving practices. In addition, non-motorists occupying the
road and driving without a license are contributing factors to the occurrence of accidents.
Based on the above-mentioned accident occurrence characteristics, the following targeted
response strategies are proposed to reduce the occurrence of fatal traffic accidents.

(1) Strengthen the supervision and management of key accident fields, such as dump
truck transportation, general freight transportation, and taxis with safety-assisted
technological innovation. The staff of relevant enterprises in key accident areas will be
assessed for their safety management capabilities and be licensed to work in the field.
The persons in charge of the relevant enterprises will be required to carry out regular
inspections of safety work. With regard to the blind spots in the field of vision of
large transport vehicles, such as dump trucks, the popularization of sound and light
warning technology for pedestrian and non-motorized vehicle identification should
be promoted to provide drivers with road environment perception assistance. Non-
motorized vehicle management methods should be developed, and non-motorized
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drivers should be should be rigorously penalized for traffic violations to reduce the
accident rate in key accident areas and accident targets.

(2) To enhance safe driving training for motorists involved in the industry, regular train-
ing on safe driving practices is provided to drivers involved in the transport industry.
A minimum length of training is required. To address the main factors affecting
accidents, such as driver negligence and distracted driving, the driver’s psychophysi-
ological function testing technology is used to test and evaluate the driver’s ability to
concentrate and distribute their attention to improve the awareness of safe driving and
the standardization of driving practices among motorists. Drivers are also required to
carry out and record regular vehicle inspections and performance checks to identify
potential vehicle safety hazards in a timely manner.

(3) The management of accident hotspots must be strengthened. The risks of high-
risk road sections, such as intersections with heavy pedestrian traffic and mixed
motor/non-motorized road sections in accident hotspots, should be regularly iden-
tified, and warning signs and markings must be installed. Additional guardrails,
warning strips, pedestrian safety islands, and other facilities should be installed to
reduce conflicts between motor and non-motorized vehicles and pedestrians and
minimize safety risks. Additional traffic safety wardens are deployed during the
morning and evening rush hours in accident hotspot areas to promptly discourage
and publicize traffic violations by non-motorized vehicles and pedestrians.

In addition, many advanced optimization algorithms, such as machine learning and
multi-objective optimization, have been applied and promoted in the field of traffic emer-
gency safety. These methods can make the decision-making process more accurate, more
efficient, and faster [30,31]. In future studies, these algorithms will be applied for re-
search and compared with current methods to explore more possibilities for solving traffic
safety problems.

7. Conclusions

Based on the statistical data of fatal traffic accidents in Shenzhen from 2018 to 2022,
this study has explored the relevant characteristics, spatial effects, and influencing factors
of accident occurrence in the study area by using the TI-IDF algorithm, spatial analysis
methods, and principal component analysis. The main conclusions obtained are as follows.

(1) The main characteristics of fatal traffic accidents occurred in Shenzhen in the past
5 years were obtained by using word frequency statistics and TI-IDF algorithm to
calculate the accident description text information. Specifically, the main accident
fields were dump truck transportation, general freight transportation, and taxis. The
main accident subjects were vulnerable groups of traffic, such as electric bicycles,
pedestrians, and bicycles. The main accident type was collision, and the morning and
evening periods were accident-prone hours. The areas with more industrial parks
and road transport enterprises in Baoan, Longgang, and Longhua Districts are the
main accident-prone areas.

(2) According to the nuclear density analysis of the accident sites, the accidents in the
study area have a certain spatial aggregation effect. The global Moran I, local Moran
I, and hot spot analysis were used to explore the aggregation pattern using the
street district as the geographical unit. The main accident hotspots are located in
the northwest of Baoan District, the north of Longgang District, and the northeast of
Longhua District.

(3) Eight major components were extracted from the 21 factors of accident subjects, such
as motorists, non-motorists, and pedestrians, using principal component analysis to
extract the influencing factors of accident subjects that cause accidents. According
to the coefficient weight of each factor, weak safety awareness and irregular driving
operation of motorists were the major factors that caused fatal accidents. Meanwhile,
non-motorists occupying motor vehicle lanes and driving without a license were
secondary factors contributing to the occurrence of accidents.
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(4) The characteristics of the fatal traffic accident areas, the accident hotspot areas, and
the fatal accident influencing factors in Shenzhen in the past 5 years were derived by
summarizing the results of the above calculations and analyses. On this basis, the
corresponding safety management strategies were proposed to reduce accidents.
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