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Abstract: Urban tunnels often easily become traffic bottlenecks. Once traffic accidents occur, traffic
congestion, environmental pollution, personnel and property damage and other problems restrict
the sustainable development of tunnels. In order to reveal the factors affecting the incidence of
tunnel traffic accidents, this paper quantitatively analyzes the influence of the single factors of tunnel
geometric conditions and control measures on traffic accidents in Jiaozhou Bay underwater tunnel.
The study examines the distribution patterns of tunnel traffic accidents under three dual-factor
combinations: road gradient and curve radius, road gradient and slope length, and road gradient
and the proportion of distance to the bottom of the slope. Based on this, a comprehensive index
model is constructed using a negative binomial regression model to calculate the accident occurrence
rate in Jiaozhou Bay underwater tunnel under road geometric conditions and control measures. The
accident data after the second lining of Jiaozhou Bay underwater tunnel are selected as the validation
object. The actual accident occurrence rate is compared with the model’s calculated value to verify
the feasibility of the model constructed in this study. The results indicate that high gradient, long
slope length, proximity to the bottom of the slope, and straight downhill sections have a significant
impact on the occurrence of traffic accidents. Lane change signs can effectively reduce the accident
rate by 30—40%. The percentage errors of the left- and right-lane traffic accident prediction models
are within (—30%, 30%) and (—20%, 30%), respectively, which can assist in the design and control of
underwater tunnels, offering valuable guidance and contributions to the construction of safer, more
efficient, and more sustainable urban transportation systems.
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1. Introduction

In the process of urban development, with the rapid economic development and urban
expansion, the construction of urban tunnels across rivers and mountains has become more
and more important. However, the special status and limitations of urban tunnels in the
road network make them a traffic bottleneck, which can easily lead to traffic congestion
and regional traffic paralysis. At the same time, the relatively closed space structure of the
tunnel and the driver’s driving decision in it are easily affected by the road environment
and other factors, thus increasing the risk of traffic accidents. The economic losses caused
by tunnel traffic accidents include traffic congestion, vehicle damage and casualties, which
not only threaten the life safety of travelers, but also affect the sustainable economic and
social development of tunnels. In addition, tunnel accidents can have a negative impact on
the environment inside and outside the tunnel, for example, environmental sustainability
issues such as pollutant emissions. If we can reveal the correlation between factors such
as the tunnel road environment and the accident rate, it can help us understand how to
improve the traffic safety performance of the tunnel through sustainable development
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measures, including the design and construction, maintenance and management, traffic
flow management and other aspects of sustainability measures to reduce the incidence of
accidents, so as to improve the sustainability of the tunnel.

Compared with ordinary highway tunnels, urban expressway underwater tunnels
have a longer construction length and are mostly long and extra-long tunnels, and their
longitudinal slope design is mostly V-shaped. Scholars have analyzed the factors influ-
encing traffic accidents in tunnels primarily from the viewpoints of tunnel environment,
vehicle operation characteristics, and road alignment, using a combination of qualitative
and quantitative analysis to determine the degree of influence. The former federal German
and Swiss scholars [1] showed that most traffic accidents are not caused by a single factor,
and each accident is influenced by an average of 1.5-1.6 factors. Eric et al. [2] applied a
logistic model to analyze the influence of road factors as well as environmental factors
on hit-and-run accidents. Pan et al. [3] found that traffic accidents caused by sharp shifts
and lane changing accounted for more than 70% of the total number of traffic accidents
occurring in tunnels. Masayoshi [4], based on a two-dimensional composite Poisson model,
obtained the conclusion that the occurrence of traffic accidents per kilometer on road sec-
tions is disturbed by changes in the average speed and mean speed of vehicles, and that
the accident rate is higher on sunny days than on cloudy days. Studies [5-7] found that a
higher proportion of trucks and trailers in the volume of traffic resulted in a lower accident
risk. Tang et al. [8] found that the main cause of tailgating accidents in highway tunnels
is the uneven speed of vehicles. Using SPSS to analyze the distribution pattern of vehicle
speed in tunnel sections can help the development of tunnel traffic control measures and
provide a reference basis for preventing and reducing the occurrence of tailgating accidents
in tunnels. Wang et al. [9] addressed the domestic tunnel traffic safety and tunnel safety
problems from five perspectives—drivers, vehicles, roads, tunnel environment and tunnel
management—and investigated in depth the factors influencing tunnel traffic accidents and
their degree of influence. Du et al. [10] studied the impact of running speed coordination,
tunnel safety design range, tunnel cavity alignment consistency, and safe running sight
distance in tunnel-on-tunnel traffic safety, providing a basis for highway tunnel alignment
design. Justice Zhang et al. [11] used a meta-cellular automata model to simulate the traffic
operation state of the entrance section of a highway tunnel and analyzed the effects of
traffic volume and vehicle speed on tunnel traffic safety. It can be seen that the existing
research results mainly focus on the impact of tunnel environmental conditions (such as
lighting, etc.), road alignment index, driver psychological factors and other single variables
on traffic accidents.

Accidents are a discreet variable and a rare event. Therefore, Poisson regression is
considered an appropriate method for modeling accident frequency data compared to linear
models [12-16]. However, the data associated with accident frequency are usually found
to be too dispersed and therefore violate the basic assumptions of Poisson models (equal
mean and variance). Therefore, Poisson models cannot handle over- and under-dispersion.
When the sample size and sample mean are small, the results are severely affected [17]. To
overcome these limitations and to improve the predictive power of Poisson models, many
variants of Poisson models are used. The zero-truncated Poisson (ZTP) model [18], also
known as conditional Poisson distribution or positive Poisson distribution, is used when
the sample must be truncated due to observability limitations and the omission of certain
accident data. Hosseilou et al. [15] developed a zero-truncated Poisson (ZTP) model for
estimating accidents and potential violations on Iranian highways and compared the results
with the Poisson model. It is an extension of the Poisson model [17] and effectively deals
with the problem of the over-dispersion of accident data. However, it has limitations in
dealing with data correlation due to time effects and location-specific effects, as it assumes
that accident frequencies on road segments are independent [19-22]. The Poisson log-
normal model can solve the dispersion problem [21] and is found to be more flexible than
the NB model [14]. However, it has the limitation of complex model estimation. Caliendo
et al. [13] developed a negative polynomial model for highways to solve the correlation
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problem between observations. Similar to Poisson and NB models, negative polynomial
models do not have the ability to handle under-dispersion [17]. Li et al. [23] developed
a univariate negative binomial (UVNB) model for estimating crash probabilities based
on crash types on Florida highways. Univariate or independent count NB models do not
solve the correlation problem between different severity levels [22]. To solve the correlation
problem, binary or multivariate methods can be used.

In order to accurately understand the factors influencing traffic accidents in urban
expressway underwater tunnels, and to construct a model for the occurrence rate of
tunnel traffic accidents, this study aims to understand the causes of accidents and pro-
vide theoretical guidance for tunnel traffic safety management. We selected the Qingdao
Jiaozhou Bay Subsea Tunnel as the research subject and developed a prediction model
for the accident occurrence rate in the tunnel. This study makes several contributions
to the literature and supports the study of traffic safety in underwater tunnels on urban
expressways. Specifically:

(1) From the dimension of tunnel geometry and control measures, we analyzed the
characteristics of tunnel traffic accidents, and quantified the coupling relationship
between multiple factors and the incidence of tunnel traffic accidents.

(2) Based on the negative binomial regression model, we established the prediction model
of the Jiaozhou Bay undersea tunnel accident rate, which can provide theoretical
support for further traffic safety research such as tunnel safety risk identification.

The following is how this paper is structured: Section 2 analyzes the factors influencing
accidents in urban expressway underwater tunnels and constructs a prediction model for
accident occurrence rates in urban expressway underwater tunnels, taking model feasibility
analysis. Section 3 processes relevant data and constructs a calculation model for the left
and right lane accident occurrence rates in Jiaozhou Bay underwater tunnel under the
comprehensive index of road geometric conditions and control measures. The model is
then validated. Section 4 presents the conclusions and outlook of the paper.

2. Materials and Methods

Compared to ordinary highway tunnels, urban motorway submerged tunnels have
longer construction distances and are mostly long or extra-long tunnels. The longitudinal
slope design of these tunnels is mostly V-shaped. In this study, the Qingdao Jiaozhou
Bay Subsea Tunnel, which is representative of urban motorway submerged tunnels, was
selected as the research object. Historical accident data of the Qingdao Jiaozhou Bay Subsea
Tunnel were collected for analysis and modeling.

As an important rapid transportation link between the main urban area of Qingdao
and the West Coast New Area, the Qingdao Jiaozhou Bay Subsea Tunnel carries a significant
amount of urban traffic demand. While facilitating people’s lives and the development of
the city’s economy, its road traffic safety issues cannot be overlooked. According to statistics,
the overall number of traffic accidents in the Jiaozhou Bay Subsea Tunnel has shown an
increasing trend. From 2011 to 2020, the annual average number of traffic accidents in the
tunnel increased from 28 to 857, a 30-fold increase. The highest number of traffic accidents
in a single day reached 30, indicating significant potential hazards in tunnel traffic safety.
Studying the influencing factors of accidents in urban motorway submerged tunnels is a
preliminary step in exploring preventive measures for tunnel traffic accidents. It can not
only improve traffic safety inside the tunnel and reduce accidents but also help alleviate
congestion in tunnel sections, thereby improving traffic efficiency.

2.1. Screening of Accident Influence Factors
2.1.1. Accident Characteristics Analysis

(1) Accident time distribution

As shown in Figure 1, accidents were more likely to occur during the day in the
Qingdao Jiaozhou Bay Subsea tunnel in 2019; the distribution of traffic accidents in the
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tunnel exhibits a clear “bimodal” phenomenon, with a concentration of traffic accidents
during the day’s peak hours.
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Figure 1. Distribution of Qingdao Jiaozhou Bay Subsea Tunnel incidents by time period in 2019.

(2) Accident types

Based on the historical accident records of the underwater tunnel of the urban express-
way and the tunnel’s traffic operating characteristics, this study categorizes the tunnel’s
accident types into seven categories: rear-end collision, scraping, collision with the roadside
ditch, rollover, fire incident, engine failure and others. The types of accidents that occurred
annually in the tunnel from 2018 to 2020 are tallied using the urban expressway underwater
tunnel accident record table; the statistical outcomes are shown in Figure 2.

Fire Crash side ditch Scratching Fire Cfﬂﬂlw Seratching Crsh side dich
0% 1% 1% 29 . % .
—\ 0% \“ o Fire ‘/7 Scra;;:.mg
Sideswipe pe Sideswipe
0% 0% 0%
(a) 2018 (b) 2019 () 2020

Figure 2. Types of tunnel accidents from 2018 to 2020.

The majority of incidents in urban expressway underwater tunnels are rear-end colli-
sions, with rear-finished collisions accounting for more than 45 percent of total accidents
from 2018 to 2020.

As a result, this paper uses the Jiaozhou Bay underwater tunnel rear-end collision,
scraping, collision with the roadside ditch, and overturning accidents as the research object,
along with statistics on the distribution of accident models and spatial distribution of
accidents, to investigate the impact of road factors on tunnel traffic accidents and then to
discover tunnel traffic accident law.

(38) Type of vehicle involved

Through the above analysis, the distribution of accident models of rear-end collision,
scrape, collision with the roadside ditch and rollover accidents in underwater tunnels of
urban expressways were tallied, and the accident models were primarily classified into five
groups: commercial vehicles, cars, SUVs, vans, and buses, as shown in Figure 3.
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Figure 3. Annual type of vehicle involved for 2018 to 2020.

As illustrated in Figure 3, the automobile is the most common model of urban express-
way undersea tunnel traffic accidents, accounting for roughly 90% of total traffic accidents
in the statistical year, a proportion significantly higher than other accident models. The
study of the effect of road conditions on tunnel traffic accidents is critical for tunnel traffic
accident legislation.

(4) Accident spatial distribution

Using the Jiaozhou Bay underwater tunnel accident as the starting point, statistics
of urban expressway underwater tunnel rear-end collision, scraping, collision with the
roadside ditch, rollover accident spatial distribution, the road mileage stake number as
the basis for division, the left and right lines of the tunnel to 400 m intervals for uniform
division, and statistics of the number of traffic accidents in each road unit of the left and
right lines of the tunnel, the statistician deduced that the left tunnel (“left line”) connects
Qingdao from south to north, while the right tunnel (“right line”) connects Qingdao from
north to south.

Figure 4b demonstrates that the number of traffic accidents in the tunnel’s right lane
between YK4+400 and YK4+800 is quite low, which is strongly related to the configuration of
curved portions in this segment. Clearly, road conditions have an effect on traffic collisions.
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Figure 4. Cont.
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Figure 4. Spatial distribution of Qingdao Jiaozhou Bay Subsea Tunnel accidents.

In conclusion, there is a correlation between the prevalence of urban expressway
underwater tunnel accidents and road slope, curve radius, distance from the bottom of the
slope, and slope length.

2.1.2. Analysis of the Correlation between Influential Variables and Accident Rate

Analysis from the perspective of system safety engineering suggests that the primary
goal of preventing traffic accidents is to investigate the rules governing the occurrence of
accidents and to identify their primary causes. In this paper, geometric conditions (slope,
slope length, curve radius, the proportion of road length from the bottom of slope) and
control measures (traffic line marking, intelligent transportation facilities) are selected as
the main influencing factors of underwater tunnel accidents of urban expressways.

(1) Influence of slope on the occurrence of accidents

Slope (i) is the actual slope of the road, with a positive value indicating an uphill
segment and a negative value indicating a downhill segment; this determines the accident
rates for each segment.

Figure 5 shows that different slopes have varying degrees of influence on tunnel traffic
accidents, and that the rate of tunnel traffic accidents varies within the same slope interval.
When the longitudinal slope is greater, the number of tunnel traffic accidents increases, and
vice versa.

(2) Influence of the curve radius on accident occurrence

Curve radius (R) is the road’s turning radius. When straight sections of road are
aligned, the turning radius is recorded as co. The traffic accident data of each section of
urban expressway underwater tunnel with a curve radius less than 3000 m, between 3000 m
and 10,000 m, and greater than or equal to 10,000 m, i.e., straight sections, are compiled
and counted based on the curve radius in Figure 6.

Different curve radii have varying degrees of influence on tunnel traffic accidents, as
shown in Figure 6. From a global perspective, the downbhill section of the tunnel has a sig-
nificantly higher traffic accident rate than the uphill section, but whether uphill or downbhill,
the tunnel traffic accident rate follows the same pattern of increase in straight sections.



Sustainability 2023, 15, 10730

7 of 28

16 1
£ . 14+
= [ ]
.3
= 12+
£ .
72} [ ]
2 10+
s °
o 4
5 . 51,
£
- : 61
3 °
< 41 e
° °
g ° 2T ot PR ]
[ ] ° °
. P | . e oL | L . .
-5 -4 -3 -2 -1 0 1 2 3 4 5
Figure 5. Effect of slope on tunnel traffic accidents.
7 ® Uphill
6 ® Downbhill

Accident rate (cases/million km)

R<3000 3000<R<10000 R>10000
Curve radius/m

Figure 6. Effect of tunnel traffic accident curve radius.

(3) Influence of slope length on accident occurrence

The actual length of the road within the statistical section is represented by the slope
length (D). The accident rate is used as an indicator to compile and analyze the traffic
accident data for each section of the underwater tunnel with slope lengths ranging from
100 to 800 m.

Different slope lengths have varying degrees of impact on tunnel traffic accidents, as
shown in Figure 7. In general, the downhill section of the tunnel has a significantly higher
accident rate than the uphill section. In the downhill segment of the tunnel, the traffic
accident rate is proportional to the length of the slope; the longer the slope, the higher the
tunnel’s traffic accident rate.

(4) Influence of the percentage of road length from the bottom of the slope on the occur-
rence of accidents

This work combines the road alignment characteristics of urban submerged tunnels
and selects the ratio of road length from the bottom of the slope to reflect the distance from
the bottom of the tunnel slope. Figure 8 compiles and evaluates accident data from various
sections of urban motorway underwater tunnels using the accident rate as an indicator.



Sustainability 2023, 15, 10730 8 of 28

4T = Uphill

12 L H Downbhill
10

g

6 }

4 |

7t

L e B B BB

[100,200]  [200,300]  [300,400] [400,500] [500,600] [600,700] [700,800]
Curve radius/m

Accident rate (cases/million km)

Figure 7. Effect of slope length on tunnel traffic accidents.
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Figure 8. Influence of the percentage of road length from the bottom of the slope on the occurrence
of accidents.

Figure 8 shows how different road length ratios from the slope’s base have varying
degrees of impact on tunnel traffic accidents. On the tunnel’s longitudinal sections, particu-
larly the uphill sections, the accident rate of each statistical section is lower, the value is
lower, and some statistical sections have a slightly higher accident rate.

(5) Influence of geometric two-factor combination conditions on the occurrence
of accidents

(D Gradient and curve radius combinations

The relationship between different road types and tunnel traffic accidents under
the combination of slope and curve radius can be discovered by studying the relation-
ship between different road types and tunnel traffic accidents: the tunnel traffic accident
rate is highest on steep downhill and straight sections, and lowest on gentle slopes and
straight sections. According to the tunnel traffic accident change pattern depicted in
Figures 9 and 10, whether in the tunnel uphill or tunnel downhill section, the tunnel
steep slope section always has more traffic accidents than the tunnel gentle slope section,
especially in the tunnel steep downhill section.
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Figure 9. Tunnel traffic accidents under the combined influence of slope and curve radius.
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Figure 10. Effect of slope and curve radius combinations on tunnel traffic accidents.

@ Combination of gradient and slope length

The correlation between various road types and traffic accidents in tunnels under
the influence of slope and slope length reveals that: traffic accidents are more common in
road sections with higher slope and longer slope length, and the accident rate in tunnels is
significantly higher in the steep downhill sections, followed by the steep uphill sections.
The rate of tunnel traffic accidents rises with an increase in slope length at a given slope, as
shown by the changing pattern of tunnel traffic accidents in Figures 11 and 12.

(® Combination of slope and length from the bottom of the slope

Studying the relationship between various road types and tunnel traffic accidents
under the combination of slope and slope length reveals that: the steeper the tunnel’s
slope, the shorter the proportion of the road’s length from the slope’s bottom, and the
more frequently accidents occur; the accident rate in the steep downhill tunnel is also
significantly higher than that of other road sections; the steep uphill road section is the
second-highest accident rate location. As the percentage of road length from the slope’s
bottom decreases, the rate of traffic accidents in tunnels rises, according to the shifting
patterns of accidents in Figures 13 and 14 at the same slope.
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Figure 14. Effect of the combination of slope and road length from the bottom of the slope on the
traffic accidents in the tunnel.

(6) Impact of control measures on the occurrence of accidents

In conjunction with the current situation of the Jiaozhou Bay Crossing’s improvement
of control measures in recent years, the optimization of tunnel traffic markings was carried
out. As a result, the focus of this paper will be on comprehensive control measures based
on traffic marking. The data were collected between 23 January 2021 and 25 January 2021,
prior to and following the first traffic lane change marking in the Qingdao Jiaozhou Bay
Subsea Tunnel in Table 1. For the first time, the Qingdao Jiaozhou Bay Subsea Tunnel has
a total of seven lane change markings, with each section designed in the form of white
dashed lines and white dashed solid lines. The following is the marking implementation
strategy in Figure 15.

Table 1. First delineation scheme of Qingdao Jiaozhou Bay Subsea Tunnel.

Number Location First Scribing Scheme
1 ZK4 +980~ZKS5 + 480 Solid marking line to dummy marking line, length 500 m
) ZK3 + 721~ZK4 + 321 The real m.arking line .is ad‘]usted to the right real left
virtual marking line, length 600 m
3 ZK3 + 272~ZK3 + 472 The right solid left dummy marker is extended 200 m
towards Huangdao
4 7K1 + 376~ZK1 + 676 The right solid left dummy marker is extended 300 m
towards Huangdao
5 YK3 + 580~YK3 + 980 The real markmg line is changefl to the virtual marking
line, the length is 400 m
6 YK5 + 785~YK6 - 485 The actual rr}arker line is ac.ijusted to the right solid left
virtual marker line, length 700 m
7 YK7 + 800~YKS + 600 The solid marker line is adjusted to the right solid left

virtual marker line, length 800 m

The data of the Qingdao Jiaozhou Bay Subsea Tunnel were chosen from February
to June 2021 after the first delineation and from February to June 2019 before the first
delineation. The data set includes historical accident information such as accident time,
type, and location, as well as the average daily number of vehicles in the tunnel during the
statistical period in Figure 16.

According to the statistical results of the number of traffic accidents before and after
lining, the occurrence of tunnel traffic accidents is inextricably linked to the geometric
conditions, which confirms the previous analysis of the influence of geometric conditions
on tunnel traffic accidents.
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Huangdao

Figure 15. Location of the first alignment of Qingdao Jiaozhou Bay Subsea Tunnel.
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Figure 16. Number of traffic accidents in the tunnel before and after delineation.

Furthermore, there is a significant difference in the length of the tunnel traffic accident
statistics before and after the delineation; therefore, in order to accurately analyze the
impact of the marking design on tunnel accidents, this section chooses the accident rate as
an evaluation index to compare and analyze the changes in tunnel traffic accidents before
and after the delineation. Table 2 displays the results.

Table 2. Accident rate calculation results for the delineated section of Qingdao Jiaozhou Bay
Subsea Tunnel.

Number Location Road Length/m Before Delineation After Delineation
1 ZK4 +980~ZKS5 + 480 500 1.410934 0.945626
2 ZK3 + 721~7ZK4 + 321 600 0.881834 0.525348
3 ZK3 +272~7ZK3 + 472 200 1.763668 1.576044
4 ZK1 + 376~ZK1 + 676 300 1.763668 1.050696
5 YK3 + 580~YK3 + 980 400 7.495591 5.516154
6 YK5 + 785~YK6 + 485 700 3.527337 2.026342
7 YK7 + 800~YKS + 600 800 2.645503 1.77305

The analysis of the changes in accident rates in the delineated sections of the Qingdao
Jiaozhou Bay Subsea Tunnel before and after the first delineation revealed that, with the
exception of delineated sections No. 3 and No. 4, tunnel traffic accident rates in the
rest of the delineated sections were significantly reduced, while traffic accidents in the
delineated sections No. 3 and No. 4 were elevated or slightly reduced, and the changes
were not significant.
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This section examines the results of the traffic accident rate calculation for the lined
section of the Jiaozhou Bay underwater tunnel before and after the application of lane
change markings using SPSS 22 software, and the independent sample ¢-test was chosen
to verify the results, which are shown in Table 3. According to the results, at the 95%
confidence interval, F = 5.035 > 0.05, equal variance is assumed between the two groups of
data, and the significance Sig = 0.0490 < 0.05, indicating that there is a significant difference
between the two groups of data, and the application of lane change markings has a certain
impact on the Jiaozhou Bay underwater tunnel’s accident rate.

Table 3. The Jiaozhou Bay tunnel delineation section accident rate’s independent sample test results.

Levene’s Test for

Variance Equations

t-Test for the Mean Equation

Accident Rat Difference 95%
cciaen ate S .
. Degree of 1g Mean Standard Confidence Interval
F Sig t Freed (Double Value E

reedom Tail) Difference rror Lower Upper
Limit Limit

Suppose the variances 5.305 0.049 2.165 10 0.056 2.052 0.95 ~0.06 416

are equal
Suppose the variances 2.165 5312 0.080 2.052 0.95 034 444

are not equal

Figure 17 shows that the traffic accident rate of Qingdao Jiaozhou Bay Subsea Tunnel
before and after lane marking has been reduced to a certain extent after lane change
markings are applied, with a reduction of 30% to 40% after lane change markings are
applied, excluding the influence of special sections such as tunnel entrances and exits,
diversions and merges.

43%
40%
33% 33%

30% 26%
20%
10%
0%

NO.2 NO.5 NO.6 NO.7

NO.1

Figure 17. Reduction in the tunnel traffic accident rate before and after delineation.

2.2. Accident Rate Modeling
2.2.1. Model Form

This study examines the relationship between factors such as slope, slope length, curve
radius, proportion of distance to the bottom of the slope, and control measures affecting the
accident rate in urban expressway underwater tunnels in Section 2.1. It is found that there
is a certain correlation between these influencing factors and the accident rate. Taking slope
as an example, different slope gradients have varying effects on tunnel traffic accidents.
When the longitudinal slope is steep, the number of tunnel traffic accidents increases, and
vice versa. Therefore, this paper adopts the regression model theory to construct a model
for the accident rate of tunnels based on geometric conditions, considering the influence
of control measures. After a comprehensive study of the above content, the basic form
of the prediction model for the accident rate in urban expressway super-long tunnels is
established as follows:

y:yG(i/le/D)(l_fC) 1)
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where y—tunnel traffic accident rate; yc—the rate of tunnel traffic accidents based on
geometric conditions; i—slope, %; R—curve radius, m; w—percentage of road length from
the bottom of the slope; D—slope length, km; fc—discount factor of comprehensive control
measures based on traffic marking design.

Control measures to improve the degree of impact on the accident are in the range
of 30% to 40%, according to the study of control measures on the degree of impact of
tunnel accidents and review of the relevant research literature. Therefore, this paper’s
comprehensive control discount factor takes the value of 0.3~0.4; when the control measures
are not improved, the value is 0.

2.2.2. Regression Model

Because the tunnel structure and alignment differ, this study chooses the negative bino-
mial regression model and the Possion regression model to model multiple sample sections
of the tunnel, respectively, and employs three evaluation indexes—the Deviance statistic,
the AIC (Akaike Information Criteria) statistic, and the BIC (Bayesian Schwartz Criteria)
statistic—to evaluate the final fitting effect of the model and determine the appropriate
regression model to construct.

(1) Possion regression model

The Possion regression model is a regression model based on the count variables of
events; the events involved in the regression model are independent variables, while the
count variables are the number of times the event variables occur (frequency). It is suitable
for the analysis of research data that approximately obey the Possion distribution, where
the Possion distribution is a discrete probability distribution with equal mean and variance,
commonly used to describe the number of occurrences of a random event Y per unit of
time (or space). Its probability density function is as follows:

wo_
P(Y =ylu) = e B 2)

where y—the probability of occurrence of the random event Y and the mean of Y, y—the
mean value of .
The functional equation of the Possion regression model is

y =2 = exp(Bo+ Prxn + faxa + ..+ Bixe) )

The equation of the function after linearization is

In(y) = In(>) = fo + P11 + Paxz + ... + By @

where u—the number of times the random event Y—occurs, n—the sample size, fy—the
model regression coefficients.

(2) Negative binomial regression model

Possion regression, the most basic counting regression model, requires the mean and
variance of events to be equal; however, in actual observed data, the variance is frequently
greater than the mean, i.e., over discrepancy, so a negative binomial regression model is
introduced to solve this problem. The negative binomial regression is applicable to research
data that follow a negative binomial distribution, where the distribution is determined
by two parameters, y and «. The parameter i represents the mean or expected value of
y, while « represents the dispersion parameter. As the values of y and « increase, the
difference between the mean and variance becomes larger, and the variance of the negative
binomial regression model is always greater than the mean. Conversely, as the values of
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u and « decrease, the mean and variance become nearly equal. The probability density
function of the negative binomial distribution is as follows:

(y+a*1—1)!( 1 !
yla~t=1)! tap+1

The negative binomial regression model is similar to the Possion regression model,
and its functional equation is detailed in Equation (3).

ap
Gy ®

P(Y =ylu, a) =

2.3. Model Feasibility Analysis
2.3.1. Goodness-of-Fit Test

The primary goal of the model fit test is to validate the constructed model’s goodness
of fit. To evaluate the final fit of the model, three evaluation indicators are typically used:
the Deviance statistic, the AIC (Akaike Information Criteria) statistic, and the BIC (Bayesian
Schwartz Criteria).

The deviance statistic (Deviance) can be used to express the degree of difference
between the existing and saturated models. The smaller the calculated Deviance value, the
smaller the difference between the existing model and the saturated model, and the closer
the two models are, i.e., the better the fitting effect of the Possion regression model, which

is calculated as
Ls

D = —2In(
L
f

)= —2(InLs— Ly) ©)
where Ls—existing model, the Possion regression model, L f—The saturation model, i.e.,
the ideal state model.

The AIC information criterion, also known as the deficit pool information criterion, is
one of the most important criteria for determining the goodness of fit of a statistical model.
It is frequently used in comparing the goodness of fit of two or more models, and the AIC
value of the model cannot indicate its goodness of fit. The formula shows that the smaller
the AIC value, the better the model fit, so when selecting the best model, the model with
the smallest AIC should be preferred, as well as its calculation formula.

AIC =2k —2InL @)

where k—The number of parameters in the model, L—Value of the maximum likelihood
function in the model.

The BIC information criterion, also known as the Bayesian information criterion, is
similar to the AIC information criterion in that the magnitude of its value can be used to
judge model fit. The formula shows that the smaller the BIC value, the higher the model
fitting accuracy and its calculation formula.

BIC =k x log(n) —2InL 8)

where k—The number of parameters in the model; #—The number of samples in the model.
L—The value of the maximum likelihood function in the model.

2.3.2. Parameter Testing

The estimation method of model parameters in the Possion regression model is Maxi-
mum Likelihood estimation (MLE), whose central idea is to find the estimated parameters
that maximize the joint probability of the observed data to the greatest extent possible.
Typically, three tests are used to determine whether the model constraints hold: the Wald
test, the LM test, and the LR test, which are asymptotically equivalent, but in different ways.

The Wald test necessitates estimation of the unconstrained model and, to some extent,
can circumvent the complexity of estimating the constrained model. Assuming that the
constraints are valid, the estimates derived from the unconstrained model should asymp-
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totically meet the constraints. Estimation under the unconstrained condition permits the
development of a Wald statistic, which conforms to the x2 distribution.

2.3.3. Model Evaluation Indexes
This paper selects absolute error, average absolute error, and percentage error as

evaluation indices for the purpose of determining the viability of a model for predicting
the accident rate of extra-long tunnels on urban expressways.

(1) Absolute Error (AE) is a term used to describe the difference between the theoretical
value and the actual value; its formula is as follows.

AE =y; —yi ©)

(2) Mean Absolute Error (MAE) is the average absolute error between the theoretical
value and the actual value. In general, the smaller the MAE value, the greater the
accuracy of the regression model, which can more accurately reflect the magnitude of
the theoretical value’s error, and its calculation formula is as follows.

1&
MAE =23 (vi =) (10)
i=1

(38) Percent Error (PE) is the percentage of the ratio of absolute error to the actual value.
When the value of PE is smaller, it indicates that the regression model has a higher
level of accuracy.

/
pE = Wi ¥l 009, (11)
Yi
3. Results and Discussion
3.1. Data Processing
3.1.1. Road Segmentation
To improve tunnel traffic efficiency and ensure tunnel traffic safety, the Qingdao

Jiaozhou Bay Subsea Tunnel was marked with traffic markings for the second time on 2
July 2021 in Table 4, and this marking implementation plan is shown in Figure 18 below.

Table 4. Second delineation scheme of Qingdao Jiaozhou Bay Subsea Tunnel.

Number Location Second Delineation Program
1 ZK1 + 376~ZK1 + 676 Right solid left dashed marker line to Huangdao direction extended 300 m
2 ZK3 + 705~7ZK4 + 355 Dashed line, length 650 m
3 ZK4 + 955~ZK6 + 155 Dashed line, length 1200 m
4 YKS5 + 785~YKY7 + 045 Dashed line, length 1260 m
5 YK?7 + 800~YKS8 + 600 Dashed line, length 800 m

Qingdao

Huangdao

Figure 18. Schematic diagram of the second delineation position of Qingdao Jiaozhou Bay
Subsea Tunnel.
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This section validates the traffic accident rates obtained for 35 sections of the left
lane and 44 sections of the right lane based on the previous section divided by geometric
conditions such as slope and curve radius when modelling the traffic accident rates of the
Jiaozhou Bay underwater tunnel’s left and right lanes, and taking into account the factors
of control measures for the Jiaozhou Bay underwater tunnel’s section division.

3.1.2. Data Processing

Data from the second delineation of the Qingdao Jiaozhou Bay Subsea Tunnel Cross-
ing, which covered 114 days from 10 July 2021 to 31 October 2021, was extracted in
Tables 5 and 6. Average daily traffic flow, accident type, and accident location were all
counted separately, along with the number of accidents in each segment, and their respec-
tive traffic accident rates were calculated. These are the outcomes.

Table 5. Second delineation of the left-lane traffic accident rate results.

Section Number Accident Rate Section Number Accident Rate
Segment 1 2.40396 Segment 19 5.620458
Segment 2 2.898638 Segment 20 6.02192
Segment 3 2.274568 Segment 21 11.04019
Segment 4 2.600138 Segment 22 12.04384
Segment 5 15.25553 Segment 23 9.534706
Segment 6 7.795365 Segment 24 10.83946
Segment 7 15.76736 Segment 25 12.04384
Segment 8 2.606892 Segment 26 5.046942
Segment 9 1.022397 Segment 27 1.338204

Segment 10 0.514694 Segment 28 1.50548
Segment 12 0.63322 Segment 30 1.338204
Segment 13 1.209221 Segment 31 1.003653
Segment 14 0.266929 Segment 32 1.50548
Segment 15 0.495631 Segment 33 1.338204
Segment 16 0.581828 Segment 34 0.501827
Segment 17 4.014613 Segment 35 0.501827
Segment 18 3.345511

Table 6. The results of the second delineation of the right-lane traffic accident rate.

Section Number Accident Rate Section Number Accident Rate
Segment 1 0.585221 Segment 23 11.04019
Segment 2 1.029388 Segment 24 11.37474
Segment 3 1.760795 Segment 25 11.54201
Segment 4 0.981568 Segment 26 6.02192
Segment 5 0.627283 Segment 27 5.352818
Segment 6 0.766148 Segment 28 8.029226
Segment 7 1.550044 Segment 29 7.360124
Segment 8 2124134 Segment 30 7.5274
Segment 9 7.806192 Segment 31 1.50548

Segment 10 11.34873 Segment 32 1.338204
Segment 11 4.9933 Segment 33 1.50548
Segment 12 6.766202 Segment 34 1.605845
Segment 13 2.606892 Segment 35 1.672755
Segment 14 2.90213 Segment 36 2.007307
Segment 15 1.43379 Segment 37 1.338204
Segment 16 2.007307 Segment 38 1.50548
Segment 17 1.077749 Segment 39 1.605845
Segment 18 1.544082 Segment 40 1.338204
Segment 19 1.574358 Segment 41 0.802923
Segment 20 1.254567 Segment 42 1.338204
Segment 21 0.528239 Segment 43 1.003653

Segment 22 3.01096 Segment 44 1.204384




Sustainability 2023, 15, 10730

18 of 28

3.2. Example Calculation

This study incorporates findings from a prior study on the factors influencing urban
expressway tunnel accidents and the method used to build accident rate models to identify
accident-prone sections of the Jiaozhou Bay underwater tunnel. It also makes assumptions
about the values of other variables, such as tunnel lighting and traffic control, and it
considers the Jiaozhou Bay underwater tunnel’s actual conditions, with a focus on road
geometric characteristics (slope, slope length, etc.). The relationship between the Jiaozhou
Bay Tunnel’s road geometry (slope, slope length, curve radius, and length ratio from the
bottom of the slope) and preventative measures (primarily traffic marking design).

The historical accident data of the Jiaozhou Bay underwater tunnel for three consec-
utive years from 2018 to 2020 provided the information needed to build the regression
model for the tunnel accident rate based on geometric conditions in this section. The left
line is divided into 19 road sections, and the right line is divided into 22 road sections,
using the geometric condition as the division standard. To increase the accuracy of the
model building, the longer sections are further divided into sections. As a result, 41 road
sections on the left line and 46 on the right line are obtained. The left and right lines of the
Qingdao Jiaozhou Bay Subsea Tunnel Crossing’s traffic accident rates were modelled and
computed separately.

3.2.1. Model Form

The basic form of the prediction model for the accident rate of Jiaozhou Bay Crossing
is constructed as follows:

y=yc x (1-fc) (12)

where y—tunnel traffic accident rate; yc—tunnel traffic accident rates based on geometric
conditions; fc—traffic-marking-based integrated control measures discount factor.

The discount factor fc under the influence of comprehensive control measures in the
model of this paper is taken to be 0 when the internal road of the Jiaozhou Bay Crossing
does not allow lane change.

Under the influence of comprehensive control measures, after the scientific and rea-
sonable application of variable lane markings, the discount factor f- under the influence of
comprehensive control measures is taken as 0.3~0.4 in the accident rate model constructed
in this paper.

3.2.2. Accident Rate Model for the Left Line Based on Geometric Conditions

The relevant data of 41 sections of the left line were collated and counted, and the
wrong data and redundant data in the original data were eliminated; the SPSS software
was used to describe the statistics of the number of traffic accidents in each section of the
left line, and the results are as follows:

As can be seen from Table 7, the minimum value of the number of traffic accidents
in the left lane is 3 and the maximum value is 386; the mean number of traffic accidents
occurring in the 35 valid sample sections is 84.03, the standard deviation is 110.446, and
the variance is 12,198.382; the variance is much larger than the mean, and there is over-
dispersion, so the regression model of the left-lane traffic accident rate is more suitable for
choosing the negative binomial regression model for fitting modeling.

Table 7. Left-lane traffic accident description statistics.

Number of Minimum Maximum Average Standard Variance
Cases Value Value Value Deviation
Number of left-line accidents 35 3 386 84.03 110.446 12,198.382
Number of effective cases 35 - - - - -
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In this paper, the negative binomial regression model and Possion regression model
were selected to model the 35 sample sections of the left line through the genmod process
in SAS9.4 software; the results are shown below.

(1) Model goodness of fit
From Table 8, it can be seen that:

Table 8. Goodness-of-fit indicators for the left-lane traffic accident rate model based on

geometric conditions.

Indicators Degree of Freedom Possion Returns Negative Binomial Regression
Deviance 30 7.8683 1.3391
Pearson x2 30 239.1663 41.5097
AIC - 433.6176 3029171
BIC - 441.3943 321.2492

(1) AIC and BIC statistics: the AIC and BIC values of the Possion regression model are
433.6176 and 441.3943, respectively, and the AIC and BIC values of the negative binomial
regression model are 302.9171 and 321.2492, respectively. The AIC and BIC values of the
negative binomial regression model are smaller than those of the Possion regression model,
which shows that the left-lane traffic model is more suitable for the negative binomial
regression model.

(2) The ratio of the Deviance statistic to the degrees of freedom: 7.8683 for the Possion
regression model and 1.3391 for the negative binomial regression model. The Deviance
statistic of the negative binomial regression model is closer to 1, so the negative binomial
regression model fits better.

(3) Pearson x?: The Pearson x? value in the negative binomial regression model is
41.5097, and when the significant level is taken as 0.05, checking the x? critical distribution
table shows that x3 ,5(35) = 49.802 > 41.5097, at which time p > 0.05. There is no significant
difference between the observed data and the calculated value of the negative binomial
regression model, indicating a better fit of the negative binomial regression model.

(2) Estimation of model parameters

A negative binomial regression model was used to fit the left-lane traffic accident
rate, and the estimated values of each parameter in the model were estimated by the great
likelihood estimation method. The results are shown in Table 9 below.

Table 9. Estimated parameters of the left-lane traffic accident rate model based on
geometric conditions.

Parameters Degree of Estimated Standard Wald 95% Wald Pr > Car-
Freedom Error Confidence Limit Cardinality  dinality
Intercept 1 1.8781 0.2405 1.4068 2.3494 61.01 <0.0001
i 1 —0.3347 0.0279 —0.3893 —0.2801 144.26 <0.0001
% 1 136.5531 346.3367 —542.254 815.3605 0.16 0.6934
w 1 —2.7089 0.3358 —3.3671 —2.0507 65.06 <0.0001
D 1 0.6474 0.3937 —0.1242 1.419 2.7 0.1001

From Table 9, it can be seen that:

(1) The p < 0.0001 for slope (i) indicates that the original hypothesis is accepted: the
slope in the left-lane traffic accident incidence model is significant with the occurrence of
traffic accidents. The slope regression coefficient is —0.3347, which is negative, indicating
that the slope is negatively correlated with the occurrence of traffic accidents in the left lane.

(2) The p-value of the inverse of the curve radius (1/R) is 0.6934, which is greater than
0.05, so the inverse of the curve radius is not significantly related to the occurrence of traffic
accidents in the left lane. The regression coefficient of the inverse of the curve radius is
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136.5531, which is positive, indicating that the inverse of the curve radius is positively
correlated with the occurrence of traffic accidents in the left lane.

(3) The p < 0.0001 for the percentage of road length from the bottom of the slope (w)
indicates that the original hypothesis is accepted: the percentage of road length from the
bottom of the slope in the model of traffic accident occurrence in the left lane is significant
with traffic accidents. The regression coefficient of the percentage of road length from the
bottom of the slope is —2.7089, which is negative, indicating that the percentage of road
length from the bottom of the slope is negatively correlated with the traffic accident rate of
the left lane.

(4) The p-value of slope length (D) is 0.1001, which is greater than 0.05, so the signif-
icance of slope length and traffic accident occurrence in the left-lane traffic accident rate
model is not significant. The regression coefficient of slope length is estimated to be 0.6474,
which is positive, indicating that the slope length is positively correlated with the left-lane
traffic accident occurrence rate.

(3) The left-lane accident occurrence rate model based on geometric conditions

The above analysis revealed that the negative binomial regression model is better
suited for calculating the left-lane traffic accident rate; the expression of the regression
model based on geometric conditions is as follows:

136.5531

yG = exp(L8781 — 0.3347i + ——

—2.7089w + 0.6474D) (13)

The left-lane traffic accident rate predicted by the aforementioned model is compared
and analyzed with the statistics” actual left-lane traffic accident rate, as shown in Figure 19.
It is found that, within a certain error tolerance, the theoretical value predicted by the
model calculation roughly overlaps with the actual value.

Actual value —e— Theoretical value

N A O ©

Accident rate (times/million km)
=

S N kA N
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Section number

Figure 19. Diagram of the comparison analysis between the theoretical and actual values of the
accident rate model of the left line.

3.2.3. Accident Rate Model of the Right Lane Based on Geometric Conditions

The relevant data from 46 sections of the right lane were compiled and counted, and
incorrect and redundant data were removed from the original data. Following that, the
SPSS software was used to describe the statistics of the number of traffic accidents in each
section of the right lane; the results are as follows:

According to Table 10, the minimum value of the number of traffic accidents on the
right line is 2 and the maximum value is 285; the mean number of traffic accidents on
the 42 valid sample sections is 65.02, the standard deviation is 71.982, and the variance is
5181.341. The variance is much larger than the mean, and there is over-dispersion, so the
regression model of the traffic accident rate on the right line is more appropriate.
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Table 10. Right-lane traffic accident description statistics.
Number of Minimum Maximum Average Standard .
e . Variance
Cases Value Value Value Deviation
Number of right-line incidents 42 2 285 65.02 71.982 5181.341
Number of active cases 42 - - - - -

The negative binomial regression model and the Possion regression model were used
in this paper to model the 42 sample right lane road sections using the genmod procedure
in the SAS 9.4 software; the results are shown below.

From Table 11, it can be seen that:

Table 11. Goodness-of-fit indicators for the right-lane traffic accident rate model based on
geometric conditions.

Indicators

Degree of Freedom Possion Returns Negative Binomial Regression

Deviance
Pearson x?

AIC
BIC

37 4.3391 1.1727

37 161.6143 47.0172
- 397.3384 338.7095
- 406.0267 349.1355

(1) AIC and BIC statistics: the AIC and BIC values for the Possion regression model are
397.3384 and 406.0267, respectively, while the AIC and BIC values for the negative binomial
regression model are 338.7095 and 349.1355. The negative binomial regression model’s
AIC and BIC values are lower than those of the Possion regression model, indicating that
right-line traffic is increasing. The AIC and BIC values of the negative binomial regression
model are lower than those of the Possion regression model.

(2) The Deviance statistic of the negative binomial regression model is closer to one
based on the ratio of the Deviance statistic to the degrees of freedom: 4.3391 for the Possion
regression model and 1.1727 for the negative binomial regression model, indicating that
the negative binomial regression model provides a better fit.

(3) Pearson x?: The value of Pearson x? in the negative binomial regression model is
47.0172, and when the significance level is taken as 0.05, checking the )(2 critical distribution
table shows that x3 < (42) = 58.124 > 47.0172, at which time p > 0.05. There is no significant
difference between the observed data and the calculated value of the negative binomial
regression model, indicating that that the negative binomial regression model fits better.

The right-lane traffic accident rate was fitted using the negative binomial regression
model, and the estimated values of each model parameter were calculated using the great
likelihood estimation method. The outcomes are shown in Table 12 below.

Table 12. Estimated parameters of the right-lane traffic accident rate model based on
geometric conditions.

Parameters

Degree of
Freedom

. Standard Wald 95% Wald .1
Estimated Error Confidence Limit Cardinality Pr> Cardinality

Intercept

O &A=~

_ e e

1.8057 0.179 1.4548 2.1566 101.73 <0.0001
—0.3114 0.0286 —0.3674 —0.2554 118.78 <0.0001
—2404.06 215.9038 —2827.23 —1980.9 123.99 <0.0001

0.1336 0.2943 —0.4432 0.7104 0.21 0.6498

0.1584 0.2908 —0.4115 0.7282 0.3 0.586

From Table 12, it can be seen that:
(1) The p < 0.00001 for slope (i) indicates that the original hypothesis is supported:
the slope in the right-lane traffic accident incidence model is significantly related to the
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occurrence of traffic accidents. The slope regression coefficient is —0.3114, indicating a
negative relationship between slope and the occurrence of traffic accidents in the right lane.

(2) A p-value of less than 0.0001 for the inverse of the curve radius (1/R) indicates
that the original hypothesis is accepted: in the right-lane traffic accident rate model, there
is a significant relationship between the inverse of the curve radius and the occurrence
of traffic accidents. The regression coefficient for the inverse of the radius of the curve is
—2404.06, indicating that the inverse of the radius of the curve is negatively related to the
rate of traffic accidents in the right lane.

(3) The p-value of the percentage of road length from the bottom of the slope (w) is
greater than 0.05, indicating that the percentage of road length from the bottom of the slope
in the right-lane traffic accident rate model is not statistically significant. The regression
coefficient of the percentage of road length from the bottom of the slope is 0.1336, indicating
a positive correlation between the percentage of road length from the bottom of the slope
and the right-lane traffic accident rate.

(4) Slope length and traffic accidents are not significant in the right-lane traffic accident
incidence model because the p-value of slope length (D) is greater than 0.05. The estimated
slope length regression coefficient is 0.1584, indicating that slope length is positively related
to the rate of right-lane traffic accidents.

The above analysis revealed that the negative binomial regression model is better
suited for calculating the left-lane traffic accident rate. The expression of the regression
model of the left-lane traffic accident rate based on geometric conditions is as follows:

2404.06

yG = exp(1.8057 — 0.3114i — +0.1336w +- 0.1584D) (14)

The right-lane traffic accident rate calculated by the aforementioned model is com-
pared and analyzed with the actual right-lane traffic accident rate of statistics, as depicted in
Figure 20, and it is discovered that the theoretical value obtained by the model calculation
overlaps with the actual value within a certain error margin.

14 r —e— Actual value

[ { Theoretical value

¢ |

6 \ “
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Accident rate (times/million km)

Figure 20. Diagram of the comparison analysis between the theoretical and actual values of the
accident rate model of the right line.

The above calculations lead to the following accident rate prediction model for the
Jiaozhou Bay underwater tunnel.
Left line (Huangdao to Qingdao direction):

136.5531
y = exp(1.8781 — 0.3347i — @ — 2.7089w + 0.6474D)(1 — fc) (15)
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Right line (Qingdao to Huangdao direction):

. 2404.06
y = exp(1.8057 — 0.3114i —

+0.1336w 4 0.1584D) (1 — fc) (16)

where y—tunnel traffic accident rate; i—slope, %; R—curve radius, m; w—percentage of
road length from the bottom of the slop; D—slope length, km; f-—traffic-marking-based
comprehensive control measures discount factor; marking is not optimized to take the
value of 0; marking optimization to take the value of 0.3~0.4.

3.3. Model Feasibility Analysis

To verify the feasibility of the traffic accident rate model for the left and right lane
tunnels, this paper selects historical accident data for 114 days from 10 July 2021 to 31
October 2021 after the second delineation (2 July 2021) of the Qingdao Jiaozhou Bay Subsea
Tunnel, and compares the actual traffic accident rates counted in each segment of the left
and right lanes with the traffic accident rates calculated by the model in this paper.

3.3.1. Left-Line Accident Rate Model

The actual traffic accident rates of the 35 validation sections of the left lane are sta-
tistically calculated and calculated based on the historical data extracted after the second
delineation, and the actual traffic accident rate results are compared and analyzed with the
model calculated values, as shown in Figure 21. The horizontal coordinate represents the
numbering of each section of the left lane, and the vertical coordinate represents the traffic
accident rate of the left lane, with the blue line representing the statistical actual left-lane
traffic accident rate value, and the orange and yellow lines representing the theoretical
left-lane traffic accident rate values calculated by the model established by the discount
factor of comprehensive control measures fc = 0.3 and fc = 0.4, respectively.

20 ¢ Actual value
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Figure 21. Diagram of the comparison analysis between theoretical and actual values of the traffic
accident rate in the left lane.

As shown in Figure 22, the theoretical left-lane traffic accident rate calculated using the
negative binomial regression model is roughly the same as the statistical trend of the actual
left-lane traffic accident rate, where segments 9 to 10 and segments 26 to 30 of the tunnel’s
left lane are marked with lane change; the model results indicate that the accident rate of
the tunnel is reduced by about 40% after the lane change is applied. The model calculations
show that the tunnel’s accident rate is reduced by about 40% after the marking, which is
consistent with the results of traffic-marking-based control measures with a discount factor
of 0.3 to 0.4. The absolute error of a few sections is greater, primarily in accident-prone
sections of the tunnel, i.e., downhill or at the bottom of the slope, and the absolute error is
primarily distributed in the range of (-2, 1).
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Figure 22. Absolute error between theoretical and actual values of the traffic accident rate in the

left lane.

The comparison of the calculated values of the left-line traffic accident rate model and
the actual statistical results, as well as the distribution of absolute errors, is discussed above,
and the overall fitting effect of the left-line traffic accident rate regression model is good.

Analyzing the percentage error distribution between theoretical and actual values
of the left-lane traffic accident rate in Figure 23 reveals that the percentage error of the
regression model of the left-lane traffic accident rate is essentially distributed in the range
of (—30%, 30%), while the majority of the percentage error of the traffic accident rate of the
validation section is distributed in the range of (—30%, 0).

12 ¢

(]

o]

N

Frequency/(times)
N

[\

(=)

-06 -05 -04 -03 -02 -0.1 0 01 02 03 04 05 06
Percent Error

Figure 23. Error rate distribution of the left-lane traffic accident rate model.

In general, the left-lane traffic accident rate regression model fits well and can pre-
dict the traffic accident rate of each section of the tunnel’s left lane within a certain
error tolerance.

3.3.2. Right-Line Accident Rate Model

The actual traffic accident rates of the 44 validation sections of the right lane are
calculated statistically based on the historical data extracted after the second delineation.
The right-lane traffic accident rate model constructed in this paper is applied to calculate
the actual traffic accident rate results, and the model calculated values are compared and
analyzed, as shown in Figure 24. The horizontal coordinate is the right lane section segment
number, and the vertical coordinate is the right-lane traffic accident rate, with the blue line
representing the statistical actual right-lane traffic accident rate value, and the orange and
yellow lines representing the theoretical right-lane traffic accident rate values calculated
by the model with the discount factor of comprehensive control measures f- = 0.3 and

fo=04.
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Figure 24. Diagram of comparison analysis between theoretical and actual values of the traffic
accident rate in the right lane.

Figure 25 demonstrates that the theoretical right-lane traffic accident rate calculated
using the negative binomial regression model is comparable to the statistical trend of the
actual right-lane traffic accident rate, in which the accident rate of each section of the
tunnel right-lane marking has been reduced by approximately 40%, which is consistent
with the results of the traffic-marking-based comprehensive control measures discount
factor. The absolute error of individual sections is greater, primarily distributed in tunnel
accident-prone sections, i.e., downbhill or slope-bottom sections, and is primarily distributed
within the interval [—1, 2].
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Figure 25. Absolute error between theoretical and actual values of traffic accident rate in the right lane.

The aforementioned comparison between the calculated values of the right lane traffic
accident rate regression model and the actual statistical results, as well as the distribution of
absolute errors, are analyzed, and the overall fitting effect of the right lane traffic accident
rate regression model is good.

By analyzing the percentage error distribution between the theoretical and actual val-
ues of the right-lane traffic accident rate in Figure 26, it can be seen that the percentage error
of the regression model of the right-lane traffic accident rate is predominantly distributed
between (—20% and 30%), whereas the majority of the percentage error of the validation
section traffic accident rate is distributed between 0 and 30%.

In general, the regression model of the traffic accident rate in the right lane has a good
fitting effect and can predict the traffic accident rate of each segment in the right lane of the
tunnel within a specified error margin.
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Figure 26. Error rate distribution of the right-lane traffic accident rate model.

4. Conclusions

By quantitatively analyzing the influence of factors such as tunnel road conditions
and traffic control conditions on accidents, this paper builds a tunnel accident incidence
prediction model; reveals the correlation between road geometry, traffic control measures
and accident occurrence; and provides theoretical support for the sustainable development
of tunnels such as avoiding some accident risks in the next stage of tunnel design and
planning. The specific conclusions of this paper are as follows:

(1) Factors influencing tunnel accidents: The study analyzes the influence of road char-
acteristics, traffic characteristics, traffic control methods, and environmental charac-
teristics on tunnel accidents. It identifies traffic volume, road geometry, and traffic
characteristics as the primary factors affecting accident occurrence.

(2) Effectiveness of control measures: Quantitative analysis shows that comprehensive
control measures, such as the implementation of variable lane markings, significantly
reduce the rate of tunnel traffic accidents. The reduction rate ranges between 30% and
40%. This highlights the effectiveness of control measures in mitigating accident risks.

(3) Model construction for extra-long tunnels: The study focuses on constructing a
prediction model for accident occurrence in extra-long tunnels. Using the Jiaozhou Bay
underwater tunnel in Qingdao as an example, the characteristics of tunnel accident
data are combined with a negative binomial regression model. The model considers
factors such as the slope of the tunnel’s left line, the percentage of road length from
the bottom of the slope, the slope of the right line, and the inverse of the curve radius,
which significantly affect the tunnel’s traffic accident rate.

(4) Model validation: After the second delineation of the Qingdao Jiaozhou Bay Subsea
Tunnel, the study selects relevant data to validate the model’s viability. By comparing
and analyzing the actual and theoretical values of the tunnel accident rate, the study
confirms the consistency between the model predictions and the observed accident
rates. The percent error falls within an acceptable range, with the model performing
well for both the left and right lanes of the tunnel.

In summary, this study examines the relationship between influencing factors and
accident occurrence rates in tunnels, explores the effectiveness of control measures, and
develops a prediction model for extra-long tunnel accidents. The findings are validated
using real-world data, providing valuable insights for enhancing tunnel safety and accident
prevention. Due to the limitations of personal level and research conditions, there are
still some deficiencies in this paper that need to be addressed, primarily in the following
two areas:

(1) This study focuses on the impact of geometric conditions and control measures on
traffic accidents in extra-long tunnels. Future research can explore additional factors,
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such as traffic status and facilities, to analyze the patterns of traffic accidents in urban
expressway tunnels.

(2) The accident rate prediction model in this study considers comprehensive control
measures, but further research is needed to assess the specific influence of individual
measures like traffic markings and intelligent traffic facilities on traffic safety.
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