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Abstract: As vehicles with high accident and casualty rates within the road transportation system,
engineering vehicles have been receiving much attention and emphasis in terms of safety. Accurate
analyses and evaluations of risk factors in vehicle operation are imperative for enhancing the man-
agement level of engineering vehicles. This study explores the differences between various types
of drivers by analyzing the driving characteristics of professional drivers. The evaluation index
system is developed and quantified by integrating factors related to engineering vehicle drivers, road
environment, and industry management. Additionally, the risk assessment model is developed using
the error backpropagation algorithm. The optimal model is determined by comparing the number
of nodes in different hidden layers, the activation function, and regularization optimization. The
prediction accuracy of this model’s coefficient of determination is 0.912, indicating that the model has
validity. This study is conducive to improving the safety level of engineering vehicle operation in
order to reduce the rate of vehicle traffic accidents, the severity of accidents, and the consequences of
losses. It also has practical application value in safeguarding social security.

Keywords: engineering vehicles; driving characteristics; risk assessment; backpropagation algorithm;
model optimization

1. Introduction

Engineering vehicles have larger driving blind spots than ordinary private cars because
of their construction and design features. Consequently, identifying and mitigating risks
associated with engineering vehicles is inherently more challenging than with ordinary
private cars. Engineering vehicles are distinguished by their extended transportation
durations, high capacity, and drivers’ intensive work schedules. Given the operational
interests, these vehicles tend to acquire numerous violations in driving workloads, speeding,
and overloading, which greatly affect driving safety. The Transportation Research Board of
the U.S. Academy of Sciences has undertaken numerous international research endeavors
to examine the causes of accidents involving engineering vehicles and their environmental
impact, significantly contributing to transportation safety in the United States [1].

Driver behavioral characteristics are crucial for the safety of engineering vehicles.
Driving behavior serves as a reliable indicator for evaluating driver alertness amidst
various factors, such as extended driving periods and sleep deprivation [2]. The current
research indicates that drivers’ driving behavior can be evaluated in two ways: one is
through drivers’ self-assessment, and the other is by collecting drivers’ driving data through
on-road driving tests or driving simulators. The influence of drivers’ subjective factors
on risky driving behaviors and driving accidents has become a popular topic in recent
years. These factors encompass demographic variables (e.g., gender, age, marital status,
education, and mileage) [3,4], drivers’ safety attitudes (measured via the Driving Safety
Attitude Scale), and personality traits [5] (e.g., altruism and anger; assessed using the Big
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Five Personality Inventory and Eckerson Personality Inventory). The most commonly
used driving behavior questionnaire is the Manchester Driving Behavior Questionnaire
developed by Reason [6]. This questionnaire is used to measure three types of abnormal
driving behaviors: errors, negligence and mistakes, and illegal driving. Drivers of large
engineering vehicles often engage in dangerous driving behaviors, such as speeding, fatigue
driving, illegal overtaking, and lane jumping, to save time and increase efficiency. The
incidence of traffic accidents, ranging from 80% to 90%, can be attributed to factors such as
the generally low educational attainment among operators of large vehicles, inadequate
safety awareness, and supervisors’ limited risk awareness [7].

Research on the travel risks associated with engineering vehicles, partly informed
by truck traffic accident data, investigated the factors influencing traffic accidents and
proposed targeted prevention and improvement measures [8,9]. In terms of driving safety
risk assessment, scholars have successively proposed various risk assessment models from
a single-factor perspective by using multifactor comprehensive evaluation methods that
combine quantitative, qualitative, or quantitative—qualitative research. Lars Leden et al. [10]
proposed a risk index model to estimate the risk in a multiplicative way. As a result, ana-
lyzing the impacts of different factors becomes possible. Elke Hermans et al. [11] assessed
road traffic risks based on an expert empirical method by comparing the relevant risk
indicators in each country and combining the road safety risk indicators in the evaluation
of the composite risk index to assess the road safety risk level. This approach enables the
monitoring of changes in risks. Norros Ilkka et al. [12] introduced a distribution model to
assess road traffic risk based on road conditions, weather conditions, and traffic conditions.
Rusli R et al. [13] verified the applicability and reliability of the model based on accident
history data by analyzing traffic accidents on rural mountainous roads in Malaysia. Hou
et al. [14] explored the extent to which the speed limit values of minibuses and trucks
affect traffic accidents. They found that the speed limit values of trucks and the difference
between the speed limits of the two types of vehicles play a decisive role in the frequency
of accidents. Cheng [15] explored the traffic safety effect of heavy truck traffic flow. The
results show that the increase in heavy truck traffic flow leads to a remarkable increase
in the frequency of accidents. Wood ]. et al. [16] used the empirical Bayesian method to
evaluate the level of traffic safety on the curved sections of two-lane rural highways in
Pennsylvania, U.S.A. The crash severity was categorized into fatal and injury levels, and the
period of the collision was categorized into daytime and nighttime. Six crash modification
factors were constructed for a comprehensive assessment. Saeid et al. [17] integrated traffic
accident data characteristics (e.g., accident severity, traffic accident rate, and traffic incident
rate) to assess road accident prediction performance using decision trees, random forests,
polynomial logistic regression, and plain Bayes. The findings demonstrate that all methods,
except plain Bayesian, attain an acceptable level of accuracy in traffic accident prediction.

The existing research still lacks any in-depth studies on engineering vehicle drivers,
leading to inaccurate results in evaluating the characteristics of engineering vehicle drivers.
There is a scarcity of studies specifically focusing on engineering vehicles for road traffic
risk identification or car risk assessment. The analysis of engineering vehicle operation
risk sources and their risk elements indicates that the operation system is complex and
consists of human beings, vehicles, roads, environment, and management, affected by
multiple factors. Furthermore, it is imperative to consider driver characteristics, select an
appropriate method for risk assessment, and suggest targeted management measures.

2. Characterization of Drivers of Engineering Vehicles
2.1. Questionnaire Design

The survey on drivers’ driving characteristics was conducted through a questionnaire,
which was structured into two parts (own compilation). The first part has eight questions,
involving sociodemographic statistics and general information, including drivers” age,
driving experience, occupation, education, average number of insurance accidents per year,
average daily sleep time, and average daily work time. The second part contains ques-
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tions measuring driving characteristics, including driving behavior (four items), driving
technique (four items), emotional control (four items), driving distraction (four items), and
speed control (four items), with five latent variables and 20 observational variables. The
Driving Characteristics Scale has a total score of 100. Details are shown in Figure 1.

The questionnaire was scored on a five-point Likert scale. On the basis of their daily
driving habits, the respondents chose between 1 (always), 2 (frequently), 3 (sometimes),
4 (rarely), and 5 (never), which are in descending order of frequency of the behaviors.

Driving Experience

General
Information

Average Daily Work and
Sleep Time

Average Number of

Insurance Accidents
Structure of the

Questionnaire

Driving Behavior

Driving Technique

Driving .
Characteristics Emotional Control

Driving Distraction

Speed Control

Figure 1. Structure of the questionnaire.

2.2. Analysis of Questionnaires

The survey had 5274 validly returned questionnaires. The demographic variables of
the survey include age, occupation, education level, average number of insurances in a
year, average hours of sleep per day, self-reported driving style, average hours of driving
per day, and driving period of the respondents.

Figure 2 shows a schematic diagram of an engineering vehicle and a bus. Figure 3
shows the occupational distribution of drivers. From the total of 5274 valid data points, 3215
are drivers of engineering vehicles, accounting for 61%; 1673 are bus drivers, accounting
for 32%; 281 are taxi drivers, accounting for 5%; 105 are private cars, accounting for 2%.
Given that the samples of taxi and private car drivers are relatively small, the two sets of
data have been merged into one group to be analyzed as “other vehicles”. After the merger,
other vehicles contains 386 drivers, accounting for 7% of the total number of drivers. As
this paper mainly studies the drivers of engineering vehicles, there are nearly 15,000 drivers
registered in Shenzhen, and about 8000 drivers are active all year round. A simple random
sampling method was adopted for the questionnaire in the city of Shenzhen. Each driver
had the same probability of being investigated [18]. The effective sample size of this paper
represents one third of the city, so it is sufficiently convincing [19].
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Figure 2. Schematic diagram of engineering vehicle and bus.

Occupational Distribution
1673; 32%

281; 5%

‘< 386: 7%
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® Engineer Vehicle Drivers Bus Drivers Private Car Drivers Taxi Drivers

Figure 3. Occupational distribution.

Driving characteristics were divided into five dimensions: driving technique, driving
distraction, speed control, emotional control, and driving behavior. The statistics of driving
characteristic scores in each dimension are shown in Figure 4. The driving technology
scores of the drivers of engineering vehicles, buses, and other vehicles show no significant
difference, and the main differences can be found in speed control, driving behavior,
emotional control, and driving distraction.

In terms of speed control and driving behavior, drivers of engineering vehicles are
slightly better than drivers of buses. Moreover, they are substantially better than drivers of
other vehicles. Engineering vehicles and buses are large vehicles with certain dedicated
driving paths on the road and strict speed limits. Drivers who are on duty usually undergo
standardized training. They are also compliant with the traffic regulations. Thus, they
have few speeding behavior problems, and their speed control is better than that of drivers
of other small vehicles because engineering vehicles and buses are highly standardized.
Moreover, the driving behaviors of engineering vehicle and bus drivers are better than
those of other vehicle drivers.

Regarding emotional regulation, engineering vehicle drivers exhibit notably superior
performance compared to bus and other vehicle drivers, while bus drivers demonstrate
slightly better emotional control than drivers of other vehicles. This discovery suggests
that the driving demeanors of engineering vehicle drivers tend to be calmer than those
of bus drivers and drivers of other vehicles. Additionally, the likelihood of experiencing
“road rage” among the former is lower than among the latter.
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Figure 4. Performance of dimension scores.

Driving distraction shows significant variation among the three driver types, with
bus drivers, engineering vehicle drivers, and drivers of other vehicles demonstrating a
declining trend in performance. The initial conclusion indicates that bus drivers are the
most distracted when driving their vehicles. They are followed by engineering vehicle
drivers. Moreover, the performances of other vehicle drivers are poor.

In summary, the characteristics of drivers of different vehicles are still different. There-
fore, human factors must be added to the risk assessment of vehicles. For professional
drivers, driving experience involves dealing with vehicle problems that must be consid-
ered. In addition, speed, distraction, and duration of driving must be considered when
combining various dimensions of performance.

3. Model Construction

Achieving scientific and precise systemic assessments through basic qualitative or
quantitative methods presents challenges. Leveraging their adeptness in evaluating in-
tricate systems, neural networks have been extensively employed in road traffic risk as-
sessment endeavors, culminating in the attainment of meticulously scientific and precise
risk assessment outcomes. Artificial neural networks serve as a vehicle for discovering a
novel approach to information representation, storage, and processing, closely mirroring
human intelligence by emulating the organizational structure of the human brain and its
information-processing mechanisms. Thus, relevant problems in practical engineering
and scientific research can be solved. Dozens of artificial neural network models have
been proposed by researchers and scholars since W. McCulloch and W. Pitts [20] proposed
the first artificial neuron McCulloch-Pitts model, which simulates biological neurons by
combining biological neurons with mathematical logic, in 1943. The error backpropagation
(BP) algorithm is a type of neural network comprising three or more neurons distributed
across input, hidden, and output layers. The network weights between the neurons in
the input and hidden layers are used to represent the connection strength. This neural
network is the most mature neural network with the widest application scope because of
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its simple structure and good adaptability. Therefore, this algorithm was selected for model
evaluation in this study.

The BP neural network structure is shown in Figure 5. The input layer neurons receive
foreign information and pass it to the hidden layer, and then the hidden and output layer
neurons integrate the information passed by the neurons in the previous layer and use
the integrated information as the neuron input to that layer. When the training samples
are provided to the input neurons, they are propagated from the input layer through the
hidden layer to the output layer, and when there is an unacceptable error between the
output of the network and the actual output samples, it is reversed from the output layer
through the hidden layer and back to the input layer, and after continuously correcting
the weights of each connection (that is, performing BP error propagation) until the error
reaches an acceptable range or the set number of iterations, the network learning ends.

input layer hidden layer output layer

Figure 5. Schematic diagram of BP neural network structure.

3.1. Flow of the Operational Risk Assessment Model

The process of constructing an assessment model for the operational risk of engineering
vehicles is as follows:

Step 1—Quantify the engineering vehicle operation risk assessment indexes and as-
sessment results as the learning samples (x1 x2 - - - x;,) and network output y of the model;

Step 2—Use the input and output quantities as the training samples for the model
in order to train the neural network, from which the actual output values of the network
are obtained;

Step 3—Calculate the error. When the error value is within the acceptable range, the
learning ends. Otherwise, proceed to the next step;

Step 4—Modify the number of hidden layer nodes and network weights;

Step 5—Go back to Step 3 until the error is within the acceptable limits and the study
is ended;

Step 6—Modify the activation function;

Step 7—Go back to Step 3 until the error is within acceptable limits and the study
is ended;

Step 8—Prepare the network model hidden layer for regular optimization;

Step 9—Input the engineering vehicle operation risk assessment indicator values of
the samples to be assessed. The network assessment results are derived from the trained
assessment model.

3.2. Classification and Quantification of Risk Indicators

In China’s Overall Emergency Response Plan for Public Emergencies, the warning
level is divided into four levels according to the degree of harm, urgency, and development:
Level I (particularly serious), Level II (serious), Level III (heavier), and Level IV (safe).
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Engineering vehicle operation’s risk assessment is used to assess the degree of danger and
the level of risk of engineering vehicle operation as serious, general, basically safe, or safe.

(1) Level I (Serious): The probability of traffic accidents involving engineering vehicles is
high, and the consequences are serious. This level of risk is an undesired risk.

(2) Level Il (General): An engineering vehicle traffic accident may occur with general
consequences. This level of risk is conditionally accepted.

(3) Level III (Basic Safety): Engineering vehicle traffic accidents are unlikely to occur, and
the accident hazard is low. This level of risk is an acceptable risk.

(4) Level IV (Safety): The probability of an engineering vehicle traffic accident is minimal,
and the accident hazard is slight. This level of risk is the desired risk.

Through the analysis of data from investigations into accidents involving domestic
engineering vehicles, it becomes evident that the occurrence of such accidents often corre-
lates strongly with driver error, as well as adverse road and weather conditions. Moreover,
during in-depth investigations into the enterprises involved, varying degrees of manage-
ment oversight were discovered, serving as factors contributing to the accidents. Hence,
this paper proposes three primary risk assessment indicators focusing on drivers, road and
environmental conditions, and enterprise management status.

According to the engineering vehicle operation risk assessment index system, the
scoring and assignment method is used to unify the outline of the assessment indicators
and facilitate statistical calculations for the qualitative assessment indicators because of the
existence of quantitative and qualitative assessment indicators. Moreover, a value between
0 and 10 is taken as the score and to perform the corresponding grade division.

(1) Criteria for Human Factor Risk Assessment
1.  Driver’s Experience

Based on statistical analyses of driving experience data from engineering vehicle traffic
accidents, it is evident that the likelihood of such accidents is elevated among drivers with
limited driving experience. The risk index for driving experience is obtained through the
risk assessment index method, with indicators from high to low corresponding to the four
levels, namely, serious, general, basically safe and safe, and scored as [0-3), [3-6), [6-8], and
(8-10] to quantify the assessment indexes, as shown in Table 1.

Table 1. Levels of indicators for human factors.

Level 1 Indicators Secondary Indicators Risk Level Score
Within 2 years Serious [0-3)
., . 3-5 years General [3-6)
Driver’s Experience 5-10 years Basic Safety [6-8)
10-15 years Safety (8-10]
Not wearing a seatbelt Serious [0-3)
Playing with cell phones, receiving and making

Undesirable Driving Behavior calls via handheld phones General [3-6)
Smoking, controlling on-board equipment Basic Safety [6-8)
Others or not present Safety (8-10]
20% over the permitted speed limit Serious [0-3)
More than 10% and less than 20% over the G 1 [3-6)

Traveling Speed permitted speed limit enera
Less than 10% over the permitted speed limit Basic Safety [6-8)
Not exceeding the permitted speed limit Safety (8-10]
3-4h Serious [0-3)
. .. 2-3h General [3-6)
Continuous Driving Hours 12t Basic Safety [6-8)

Within 1 h Safety (8-10]
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2. Undesirable Driving Behavior

According to the undesirable driving behaviors shown by Guangdong Province’s
Intelligent Supervisory System and the main influencing factors analyzed in the previous
section, undesirable driving habits, such as playing with cell phones, receiving and making
calls via handheld phones, smoking, not wearing a seatbelt, and controlling onboard
equipment [21], are classified into three grades: serious, general, and basically safe. The
absence of undesirable driving behaviors is designated a safety grade and correspondingly
scored as [0-3), [3-6), [6-8], or (8-10] to quantify the assessment indexes, as shown in
Table 1.

3.  Traveling Speed

Based on the speeding demerit point standard of the Road Traffic Safety Law of the
People’s Republic of China, speeding behaviors are classified into four levels: 20% over
the permitted speed limit, more than 10% and less than 20% over the permitted speed
limit, less than 10% over the permitted speed limit, and not exceeding the permitted speed
limit [22]. These levels correspond to four levels, namely, serious, general, basically safe,
and safe, and scored as [0-3), [3-6), [6-8], or (8-10] to quantify the assessment indexes, as
shown in Table 1.

4. Continuous Driving Hours

The index used to judge fatigued driving in this study is continuous driving time.
More than 4 h is seriously fatigued driving. Thus, we categorized the fatigue level of drivers
according to driving time: 3-4 h, 2-3 h, 1-2 h, and within 1 h of continuous driving. The
fatigue levels are referred to as fatigue, a little bit of fatigue, sobriety, and extreme sobriety,
which correspond to the four risk levels of serious, general, basic safety, and safety, and
are scored as [0-3), [3-6), [6-8], and (8-10] to quantify the assessment indexes, as shown in
Table 1.

(2) Criteria for Road Environmental Factors
1. Segregation of Motorized and Nonmotorized Lanes

According to the analysis of major accident causes, motor vehicles occupying the road
represent a relatively major factor. Therefore, according to the “Shenzhen Road Facility
Quality Enhancement Design Guidelines”, the segregation of motorized and nonmotorized
lanes is divided into four levels: no segregation between the two, nonmotorized lanes
exist but no physical segregation, nonmotorized lanes exist and physical segregation is
implemented, and the installation of independent nonmotorized lanes. They correspond
to the four risk levels of serious, general, basically safe, and safe, and are scored as [0-3),
[3-6), [6-8], or (8-10] to quantify the assessment indexes, as shown in Table 2.

Table 2. Levels of indicators for road environmental factors.

Level 1 Indicators Secondary Indicators Risk Level Score

No segregation between the two Serious [0-3)

) ) Nonmotorized lanes exist but no physical segregation General [3-6)
Segregation of Motorized and Nonmotorized lanes exist and physical segregation is .

Nonmotorized Lanes implemented Basic Safety [6-8)

Installation of independent nonmotorized lanes Safety (8-10]

Very congested (Index 6 and above) Serious [0-3)

. Generally congested (Index 4-6) General [3-6)

Road Congestion Index Basically unimpeded (Index 2-4) Basically Safe [6-8)

Unimpeded (Index 0-2) Safe (8-10]

Drizzle day Serious [0-3)

. Cloudy day General [3-6)

Weather Conditions Sunny nighttime Basically Safe [6-8)

Sunny daytime Safe (8-10]




Appl. Sci. 2024, 14, 5086

9of 18

2. Road Congestion Index

The road traffic volume directly affects the driving safety of engineering vehicles.
Therefore, the road traffic performance index issued by the Transport Bureau of Shenzhen
Municipality [23] is used to categorize the levels of road congestion as very congested,
generally congested, basically unimpeded, and unimpeded. They correspond to the four
risk levels of serious, general, basically safe, and safe, and are scored as [0-3), [3-6), [6-8],
or (8-10] to quantify the assessment indexes, as shown in Table 2.

3. Weather Conditions

Engineering vehicles in Shenzhen are significantly influenced by weather conditions,
leading to halts in construction activities during typhoons and rainstorms. Consequently,
this study excludes the consideration of such weather phenomena. Engineering vehicles
can be operated in light rainy weather, but the risk of driving is increased. Given the
special nature of engineering vehicles, they often work at night. However, the probability
of driving traffic accidents during nighttime is greater than that during daytime. According
to the risk index and the degree of weather severity, the weather conditions are divided
into four categories: drizzly day, cloudy day, sunny nighttime and sunny daytime, with
values of [0-3), [3-6), [6-8], and (8-10]. They correspond to the four risk levels of serious,
general, basically safe, and safe, as shown in Table 2.

(8) Criteria for Management Factors
1.  Accidents at Transportation Companies

According to the previous year’s records of safety at transportation companies, the
accidents at transportation companies are divided into four categories: existing fatal
accidents, existing injury accidents, existing cuts, and bruises but no casualties and no
accidents, which correspond to the four risk levels of serious, general, basically safe, and
safe, respectively, and are scored as [0-3), [3-6), [6-8], or (8-10] to quantify the assessment
indexes, as shown in Table 3.

Table 3. Levels of indicators for management factors.

Level 1 Indicators Secondary Indicators Risk Level Score
Existing fatal accidents Serious [0-3)
Existing injury accidents General [3-6)

Accidents at Transportation

Existing cuts and bruises but

Companies o casualties Basically Safe [6-8)

No accidents Safe (8-10]

More than 3 times Serious [0-3)

Number of Times the 2-3 times General [3-6)
Companies Were Notified 1 time Basically Safe [6-8)
No notification Safe (8-10]

over 20% Serious [0-3)

GPS Offline Rate of 10-20% General [3-6)
Engineering Vehicles 5-10% Basically Safe [6-8)
Less than 5% Safe (8-10]

2. Number of Times the Companies Were Notified

According to the previous year’s monthly report on the dynamic data statistics of key
construction vehicles released by the Shenzhen Municipal Bureau of Transportation, the
number of times each transportation company had been notified in the past 12 months
is calculated and classified into the four grades of more than three times, two to three
times, one time, and no notification, which correspond to the four risk levels of serious,
general, basic safety, and safety, and scored as [0-3), [3-6), [6-8), and (8-10] to quantify the
assessment indexes, as shown in Table 3.
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3. GPS Offline Rate of Engineering Vehicles

According to a survey, the GPS offline rate of engineering vehicles is categorized into
the four levels of over 20%, 10%-20%, 5%-10%, and less than 5%, which correspond to the
four risk levels of serious, general, basically safe, and safe, and are scored as [0-3), [3-6),
[6-8), or (8-10] to quantify the assessment indexes, as shown in Table 3.

4. Model Network Training and Testing
4.1. Neurons in Each Layer

In this study, three aspects, namely, human factors, road environment factors, and
management factors, are selected to assess the risk of engineering vehicle operation. The
assessment indicators of the three types of risks are used as the input neurons of the model,
with 10 as the total number of input neurons. The output of the model comprises the
risk assessment results. The input neurons and output neurons of the engineering vehicle
operation risk assessment model are shown in Table 4.

Table 4. Input and output of the BP neural network.

Input Output
Driver Factors Road Environmental Factors Management Factors Risk Level
., . Segregation of Motorized and ~ Accidents at Transportation
Driver’s Experience . .
Nonmotorized Lanes Companies
Undesirable Driving Behavior Road Congestion Index Number of Times the Serious, General, Basic Safety,
Companies Were Notified Safety
GPS Offline Rate of

Traveling Speed

Continuous Driving Hours

Weather Conditions Engineering Vehicles

The theoretical analysis shows that the BP neural network with a single hidden layer
can map all continuous functions. The design of a hidden layer is generally considered
first when designing a multilayer feedforward network. Improvements of the training
accuracy of the neural network can be achieved by adopting a hidden layer and increasing
the number of its neurons. However, the performance of the network decreases beyond
a certain value. This approach is simpler and more effective than adding a hidden layer.
The number of neurons in the hidden layer is related to the complexity of the problem to
be solved. The role of the hidden layer’s neuron nodes is to extract and store the intrinsic
patterns from the samples. The energy expended by the neural network in obtaining
information from the samples is poor, and the system cannot reflect the laws of the samples
when the number of neurons is too small. When too many neuron nodes exist, noise may
be added to the original laws, and the problem of overfitting occurs, thereby reducing the
capacity for generalization and increasing the training time.

4.2. Model Network Training

In this study, 100 sets of data obtained via survey and expert scoring have been used
as samples. These sets are divided into two parts. A total of 80 sets of sample data are used
for the training of the model, and the remaining 20 sets of data are used for the testing of
the BP network. Python software v. 3.8 programming is applied to train the network. The
number of nodes in the input layer is 10, the input of the network is an 80 * 10 matrix, and
the output is an 80 * 1 matrix. Comparison experiments are used in selecting the model
training parameters and methods in order to ensure that the results of the model training
are optimized.

(1) Comparison of the Number of Nodes in the Hidden Layer

In the neural network hidden layer, the numbers of neurons for training and testing
are selected as 32 and 64. The training results are evaluated using the mean square error
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(MSE) as a loss function, which is used to measure the difference between the predicted
and actual observed values of the model. Its calculation formula is as follows.
1& N o
MSE = EZ (Y; —Y;)?, (1)
i=1

where MSE is the mean square error, # is the number of samples, Y; is the true value of the
i-th sample, and Y; is the model-predicted value for the i-th sample.

The numbers of neurons in the hidden layer of the model are set to 32 and 64 for the
training and testing, respectively, and the loss value results are compared, as shown in
Figure 6. This figure shows that the two models converge after 300 rounds of training. The
figure on the left shows the training and testing results of 32 neurons, whose loss value
is 0.123 on the test set. The figure on the right shows the training and testing results for
64 neurons, whose loss value on the test set is 0.0548. Thus, selecting 64 hidden layer
neurons can achieve results close to the true value.

Training Loss Curve Training Loss Curve

—— Validation Loss_32 0301 —— Validation Loss_64

Training Loss_32 Training Loss_64
0.2
0.1 L

0.0 0.00
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°
&

o
o
o
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0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epochs Epochs

Figure 6. Comparison of the neuron numbers in different hidden layers.

(2) Comparison of Activation Functions

In selecting the model’s activation function, this study conducts a comparison experi-
ment to compare the results of the training test using the ReLU activation function and the
sigmoid activation function in the hidden layer.

The ReLU activation function is formulated as follows:

f(x) = max(0,x), )

where f(x) is the output and x is the input. This activation function is characterized by
nonlinearity, which helps improve the sparsity and generalization of the model.
The sigmoid activation function is formulated as follows:

flx)=1/(1+e), G)

where f(x) is the output and x is the input. This activation function maps a linear combina-
tion of neural networks to a probability value between 0 and 1, and has a positive feedback
effect on optimization algorithms such as gradient descent.

The results of the comparison experiment on the two activation functions are shown in
Figure 7. The figure on the left shows the training and testing results of using ReLU as the
activation function and a loss value of the test set as 0.102. The figure on the right shows
the training and testing results derived when using sigmoid as the activation function and
a loss value of 0.0326. This finding indicates that using sigmoid as the activation function is
advantageous in terms of the loss value. However, the model’s fitting stability indicates that
the convergence effect of this loss function must be optimized, and the test set fluctuates
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greatly, indicating an overfitting. Therefore, regularization comparison experiments are
added to the next set of experiments to enhance model optimization.
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Figure 7. Comparison of different activation functions.

®)

Regularization Optimization

In this study, L2 regularization is added to the hidden layer of the network model to
optimize the model. L2 regularization mainly means that the weight parameters tend to
have small values. Moreover, the model tends to choose parameters with small weight
values, thereby reducing its complexity. Parameters with small weight values are usually
highly insensitive to noise in the training data and help prevent overfitting.

The formula for L2 regularization is shown in Equation (4).

Ly, =AY w?, @
where A is the regularization parameter for controlling the regularization strength, # is the
number of weighting parameters, and w; is the value of the ith weighting parameter.

The comparison of the original training results with the results after performing
L2 regularization is shown in Figure 8. With reference to the previous results of each
hyperparameter’s optimization, the figure on the left shows the training and testing results
using 64 neurons and sigmoid as the activation function. Moreover, the loss value on the
testing set is 0.0326. The figure on the right shows the training and testing results with the
addition of L2 regularization. The loss on its training set is 0.0331. The model converges
well and can achieve a low test loss with the addition of L2 regularization.
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Figure 8. Comparison of regular optimization.

4)

Comparison of K-fold Cross-validation

On the basis of the above optimization results, this study finally adopts 64 as the
number of neurons in the hidden layer, sigmoid as the activation function, and L2 regular-
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ization in the relevant settings of the training parameters. Moreover, the network training
optimization algorithm adopted is Adam. The initial learning rate is set to 0.01, the number
of training rounds is 300, and the batch size is 16. Given the number of datasets, this
study adopts the K-fold cross-validation method for training, and 8-fold cross-validation is
trained and tested on the training set. The results are shown in Figure 9 and Table 5.
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Figure 9. Results of the 8-fold cross-validation.
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The mean absolute error (MAE) is used for evaluation, and is calculated as follows to
evaluate the model’s accuracy:

1 N
MAE = n Z ’Opred = Trear |, (@)
n=1

where O, is the predicted output value, and T, is the real value of the sample.

Table 5. MAE of the 8-fold cross-validation.

Round

fold1

fold2 fold3 fold4 fold5 foldé fold7 fold8

MAE

0.0331

0.0463 0.0367 0.036 0.0388 0.043 0.043 0.0441

09
0.8
0.7
0.6
0.5
04
03
0.2
0.1

The optimal model is selected as the final training model based on the loss value of
the validation results by comparing the model effects of each round of cross-validation.

4.3. Model Testing

A total of 20 sets of sample data are selected to test the model’s generalization ability.
The real samples and network output values are shown in Figure 10, with a loss value of
0.330 on the test set. The visualization of the prediction results in relation to the true values
indicates that the output of this evaluation model has a high degree of fitting accuracy with
the real samples.

I3

34 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20
=#=|abels =¢==predictions

Figure 10. Test results of the model.

The model’s test results are evaluated using mean absolute percentage error (MAPE),
root MSE (RMSE), and the coefficient of determination (R?). The formula for each evaluation
index is as follows:

MAPE — 1 i\]: ‘Opred = Trear

* 100%, (6)
n.,4 |Treal |

N
RMSE = J (Opred - Treal)zr @)
n=1

S|
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El (Opred - Treal)
2_ 1 n=
R =1 N ,
)
n=1

8)
(Treal - Ouvg)z

where O, is the predicted output value, T}, is the real value of the sample, and Oy is
the predicted output mean.

The calculation results of each index are shown in Table 6. The R? result is greater than
0.9, which is a good result.

Table 6. Calculation of evaluation indicators.

Indicators BP Neural Network Model
MAPE 11.835
RMSE 0.057
R? 0.912

5. Discussion

The risks of engineering vehicle operation are closely related to human beings, ve-
hicles, roads, environment, and management. However, reasonable safety improvement
measures and countermeasures can effectively improve the safety of engineering vehicle
operations, reduce the occurrence of accidents, and lower the severity of accidents. Aim-
ing at the problems of frequent traffic accidents and the defective safety management of
engineering vehicles, the risk assessment method is used to identify the operational risk
elements of engineering vehicles. Moreover, a BP neural network model of operational risk
assessment for engineering vehicles is established based on this method in order to realize
the risk assessment of engineering vehicles. This study illustrates its approach by utilizing
the vehicle dynamic supervision system data from Guangdong Province, employing the
model, and delineating safety management strategies and countermeasures for engineering
vehicles aimed at enhancing the safety of their operations.

In this study, various risk factor indicators of 10 engineering vehicles in Shenzhen City
taken from May to June 2023 are selected and combined with the formulated risk index
judging standard for risk index assignment.

The risk factors related to the 10 selected engineering vehicles are organized and
assigned a value in the quantitative standard of risk index. The final input data are shown
in Table 7.

Table 7. Input data statistics.

Segregati Accidents at Number of

S Undesirable . Continuous egregation Road Con- Weather ceicents a Times the GPS

Driver’s . Traveling .. of Motorized . . Transporta- . .
No. . Driving Driving gestion Condi- N Companies Offline
Experience . Speed and Nonmo- . tion
Behavior Hours . Index tions . Were Rate
torized Lanes Companies e
Notified

1 9 9 10 10 9 10 9 8 10 10
2 8 7 6 7 8 6 8 7 7 6
3 9 5 4 1 2 5 5 5 5 5
4 1 1 2 2 2 3 2 4 6 2
5 5 7 9 4 7 9 9 9 4 1
6 6 7 7 9 9 6 8 8 3 8
7 8 9 9 9 7 9 6 6 8 5
8 9 4 1 8 9 10 7 6 10 9
9 8 3 6 4 6 6 9 7 4 9
10 7 5 3 2 5 4 7 8 5 6

The network output results of the engineering vehicle operation risk assessment are
derived using the trained BP neural network to simulate the operation of engineering
vehicles. Moreover, the degree level is determined according to the output results. In
particular, the output scores of 0-0.25, 0.25-0.5, 0.5-0.75, and 0.75-1 indicate the serious,
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general, basically safe, and safe degree levels, respectively. The risk assessment results of
the operation of 10 engineering vehicles are shown in Table 8.

Table 8. Risk assessment results.

No. 1 2 3 4 5 6 7 8 9 10
O\;;izt 0.921 0.622 0.268 0.024 0.562 0.513 0.770 0.272 0.506 0.559
Level Safe Basically General  Serious Basically  Basically Safe General Basically  Basically
Safe Safe Safe Safe Safe

Table 8 indicates that most of the 10 engineering vehicle operation risks are at the level
of basic safety and above, which are acceptable risks under certain conditions. A few of
them are at the level of serious and general. Therefore, measures must be taken so as to
reduce the risk of the vehicle being driven.

The above risk assessment results show that engineering vehicle operation risks in-
volve drivers, road environment, company management, and other factors. Through the
further investigation and analysis of relevant enterprises with average and serious evalua-
tion results, it has been identified that their driver management systems, hazardous driving
route condition management systems, and enterprise safety responsibility management
systems exhibit varying degrees of deficiencies. Consequently, by assessing the feasibility
of implementing pertinent safety management systems and methods (such as establishing
a GPS monitoring system, conducting safety training for drivers and personnel in charge,
etc.), this study proposes the following safety improvement strategies from the perspectives
of human factors, road environment factors, and management factors.

(1) Human Factor Strategies

These strategies involve training and education for inexperienced drivers and those
with poor driving behavior. Regular safety training is provided to all drivers, with an
emphasis on driving skills and safety awareness to reduce the risk of accidents. This training
approach also establishes a strict monitoring mechanism to detect poor driving behavior.
Additionally, a system of rewards and penalties, encompassing fines and suspensions, is
enforced based on observed behavior. An incentive system is also in place to encourage
drivers to comply with traffic regulations and safe driving guidelines. Reasonable speed
limits are established to ensure that drivers do not exceed the speed limit. Reasonable work
schedules, including necessary rest periods, are set to minimize fatigued driving.

(2) Road Environmental Factor Strategies

These strategies involve advocating for relevant departments to increase their attention
to accident-prone and congested road sections, optimize road facilities, and increase motor-
way and nonmotorway segregation, as well as physical separation, so as to reduce traffic
congestion. The regular monitoring of road traffic conditions is imperative to furnish real-
time information for engineering vehicles and facilitate the avoidance of congested road
sections. These strategies also encourage the establishment of weather warning systems
to inform drivers of adverse weather conditions promptly, thereby allowing appropriate
safety measures to be taken.

(3) Management Factor Strategies

These strategies involve improving the safety management standards of the organi-
zation and ensuring the level of safety awareness and training of employees. Thorough
investigations are conducted for each accident in order to comprehend the underlying
causes and implement corrective measures. A system is set up to report the number of
times a company is notified and the GPS offline rate such that corrective actions can be
taken promptly. This approach also ensures that the GPS systems of engineering vehicles
are functioning properly in order to reduce the offline rate.
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6. Conclusions and Future Work

This study is based on respondents located in Shenzhen on the central coast of the
southern Chinese province of Guangdong. Based on the drivers’ driving characteristics,
factors including driver characteristics, road environment, and management were selected
in this study to evaluate the operational risks of engineering vehicles using the error BP
algorithm. The optimal model was determined. The conclusions obtained are as follows:

(1) The driving skill scores of the drivers of engineering vehicles, buses, and other vehicles
showed no significant difference. However, the main differences were in speed control,
driving behavior, emotional control, and driving distraction. Engineering vehicle
drivers performed best in terms of speed control, driving behavior, and emotional
control;

(2) Four risk levels were identified. Four factors, such as driver’s driving experience,
undesirable driving behavior, traveling speed, and continuous driving hours, were
selected as driver’s factors. Four factors, including segregation of motorized and
nonmotorized lanes, road congestion index, and weather conditions, were also se-
lected as road environmental factors. Moreover, three indexes, such as accidents at
transportation companies, number of times the companies were notified, and GPS
offline rate of engineering vehicles, were selected as factors for management;

(3) Comparative analysis revealed that employing 64 neurons in the hidden layer yielded
results closer to the actual value compared to utilizing 32 neurons. Additionally, the ex-
amination of various activation functions indicated the superiority of the sigmoid func-
tion in minimizing loss values. Nonetheless, overfitting phenomena were observed,
necessitating the adoption of regularization optimization techniques. Furthermore,
the model’s convergence was enhanced following L2 regularization implementation;

(4) The factors discussed in this paper are limited, and the sample size of the discussion
is also limited. We hope that we can investigate data from more cities to further
expand the scope of the study and refine the sampling methodology, as more variables
are worth discussing to derive more in-depth analysis. For example, factors of the
environment, vehicle emissions and pollution can be discussed. We hope that more
factors will be added in future works to make the model more comprehensive.
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