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Abstract: The traffic safety of mountain highway has always been one of the taking point. This study
aims to collect road design data in large-scale research and analyzes the accident risk of highway
geometric alignment. Accordingly, a method based on satellite maps and clustering algorithms is
proposed to calculate the geometric alignment of the highway plane and its longitudinal section.
The reliability of the method was verified on Nanfu highway in Chongqing, China. The planar
and longitudinal sectional geometries of the four highways in Chongqing were obtained by the
above method, and the corresponding 36,439 traffic accidents which occurred from 2010 to 2016 were
used as the research objects. The accident risk of the highway geometry was analyzed based on
the SHAP and MLP theories. The results show that the fitting and prediction abilities of the MLP
model are better than those of the negative binomial model, and its correlation coefficient is improved
by 33.2%. In addition, compared with the negative binomial model, the MLP model can estimate
more accurately and flexibly the complex nonlinear relationship between the independent and the
dependent variables.

Keywords: traffic safety; accident risk; MLP model; SHAP; mountainous highway

1. Introduction

Traffic safety is one of the major concerns in the world today. There are approximately
1.35 million deaths and over 50 million injuries every year due to traffic accidents world-
wide [1]. In addition, it is estimated that low- and middle-income countries account for
approximately 90% of the global total of road traffic fatalities [2]. As the world’s largest de-
veloping country, China has the highest population, car ownership, and total road mileage
in the world, yet traffic safety still faces lots of challenges [3]. It is estimated that about
one-fifth of traffic accidents are fatalities in China [4,5]. Therefore, the active investigation
and management of traffic safety risks have become an urgent problem to be solved in
building a green and sustainable highway traffic system.

Established research have shown that the main factors affecting traffic safety include
people (drivers), vehicles, road conditions, and the environment, among which drivers
are considered to have the greatest impact on traffic safety, while road conditions were
often overlooked [6,7]. Road conditions affect the performance of moving vehicles, drivers’
psychological activities, and driving performance. Approximately 40% of traffic accidents
were caused by direct or indirect influence of road conditions [8]. Babukov et al. studied the
influence of highway horizontal and longitudinal cross-section alignment on traffic safety,
and proposed recommendations for ensuring traffic safety in the stages of road design,
operation, and maintenance [9]. Ma et al. analyzed the relationship between the design

Sustainability 2023, 15, 1893. https://doi.org/10.3390/su15031893 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su15031893
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0003-0159-3808
https://orcid.org/0000-0002-7855-9336
https://doi.org/10.3390/su15031893
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su15031893?type=check_update&version=2


Sustainability 2023, 15, 1893 2 of 15

elements of road alignment (horizontal, longitudinal cross-section, and intersections) and
the accident risk [10]. With the continuous development of the social economy, the current
road design may become increasingly incapable of meeting the traffic demand today [11].
Therefore, it is necessary to analyze the contributory factors for traffic accidents under
current road infrastructure conditions [12,13].

Many researchers used the traditional linear regression (LR) method to fit the rela-
tionship between road alignment, traffic volume and accident frequency, etc. However,
some studies also found that the assumption of the linear regression with the Chi-square
distribution of the variance is often violated in practical applications, and the unconstrained
linear regression is not applicable to non-negative count models [14]. Subsequently, some
scholars used Poisson regression to simulate the frequency of traffic accidents, and the
results showed that its fitting effect is better than linear regression, but it was also found
that accident data were too discrete and the model could not satisfy the assumption of
equal mean and variance [15,16]. Miaou investigated the relationship between truck acci-
dents and highway geometric features based on Poisson regression, zero-inflated Poisson
regression (ZIP), and negative binomial regression (NB), and showed that ZIP and NB can
handle the over-dispersion of accident data well [17]. Milton et al. used NB to study the
relationship between accident frequency, road geometry as well as traffic characteristics and
found that NB is a powerful tool for accident analysis [18]. Subsequently, some scholars
successively applied generalized estimating equations, Bayesian, random effects, random
parameters, etc., to the analysis of accident frequency [19,20].

Most traditional statistical models are parametric and are based on certain distribution
assumptions. These models may have relatively robust predictive performance and good
interpretability of the internal influence mechanism, but these models may be sensitive to
data size, have poor real-time processing capability for big data, and cannot capture the
complex nonlinear relationship between features and dependent variables [21–23].

Recently, machine learning has been widely applied to the research of traffic safety.
Compared with traditional statistical models, machine learning models are able to approxi-
mate complex nonlinear relationships among multi-dimensional data variables and have
unique advantages in real-time processing of big data and in the analyses of samples with
complex structures. Therefore, they can flexibly respond to complex application scenarios
and achieve high prediction accuracy [24]. Thakali et al. developed a parametric negative
binomial model and a nonparametric kernel regression model based on a large amount of
traffic accidents data and found that kernel regression outperformed the negative binomial
model in terms of dataset size sensitivity [25]. The LSTM–CNN neural network model,
was used by Li et al. for the prediction of real-time accident risks on arterial roads, and the
results show that its prediction accuracy is better than other machine learning models such
as XGBoost, LSTM, and CNN models [26]. Lee et al. compared and analyzed the difference
in accuracy of different machine learning algorithms (random forest, MLP and decision
tree) for rainfall traffic accident prediction [27]. Wang compared the modeling of accident
risk in highway work zones using CNN and binary logistic regression models, respectively,
and finally found that the CNN model had better accuracy [28].

At present, most of the road design documents in China are scattered in different
design units and government agencies, which makes data acquisition difficult and not
conducive to large-scale research. In this paper, we propose a road geometric alignment
inverse calculation method by satellite map and clustering algorithm, which provides
another solution for researchers. In addition, combining the characteristics of the data set,
the author chooses the MLP model, which is more operable, to study the accident risk of
highway geometric alignment, compare the results of the negative binomial model, and
analyze the advantages and disadvantages of the nonlinear fit of the two in the correlation
model. The internal mechanism of the MLP model is also visualized and analyzed with
the help of SHAP theory, so as to compensate for the limited interpretability of machine
learning algorithms.
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In this study, firstly, the geometric alignment data of the target highway was calculated
by the road geometric alignment inverse calculation method. Then, based on the traffic
accident information of the target road, the MLP and negative binomial regression-based ac-
cident risk association models are established, respectively. Finally, the internal mechanism
of the MLP model was visualized with the help of SHAP theory.

2. Methodology
2.1. Overall Framework

This paper aims to study the relationship between highway geometric characteristics
and the risk of traffic accidents. To this end, the overall framework of the methodology
is presented in Figure 1. There are four components in the overall framework: (1) Data
survey, (2) Data preprocessing, (3) Model optimization, (4) contribution of variable.
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Figure 1. Overall framework of the methodology.

2.2. Road Geometric Alignment Reverse Calculation

This section proposes an inverse calculation approach to extract the road geometric
characteristics based on satellite maps, and the reliability of the approach is verified based
on existing data. The process of inverse calculation approach is shown in Figure 2.
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Figure 2. Inverse calculation process used for geometric alignment data extraction.

Firstly, for the extraction of routes and coordinates, most of the current map software
can obtain the latitude and longitude of the target point and meet the required accuracy. In
this study, Google Earth and Aowei interactive maps were used to mark the target routes
and the longitude and latitude coordinates. Elevation information of each target point was
also extracted at equal intervals. The longitude and latitude coordinates of the route were
extracted at an interval of 10 m, and the elevation information was extracted at an interval
of 40 m to balance the calculation accuracy and extraction efficiency.
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Since the latitude and longitude coordinates provided by GPS are global coordinates
(WGS84), the extracted latitude and longitude coordinates need to be converted to planar
right-angle geodetic coordinates (WGS84). The coordinate conversion is performed by:

X = (ν + c) cos φ cos τ
Y = (ν + c) cos φ sin τ
Z =

[(
1− e2)ν + τ

]
sin φ

(1)

e2 =
a2 − b2

a2 = 2 f − f 2 (2)

ν =
a√

1− e2sin2φ
(3)

where X, Y, Z are global coordinate, φ is the latitude, τ is the longitude, c is the ellipsoidal
height, ν is the radius of the doughnut circle at the latitude φ, e is the ellipsoidal eccentricity,
a is the long semi-axis of the ellipsoidal model, b is the short axis of the ellipsoidal model,
and f is the flatness of the ellipsoidal model.

Finally, based on the coordinate data and elevation information, the geometric charac-
teristics of the road’s horizontal and longitudinal sections is back-calculated. The detailed
steps are as follows.

(1) The road alignment is divided by means of microelement division (see Figure 3), with
the horizontal and longitudinal section intervals being 10 m and 40 m, respectively. In
Figure 3, the circular arc’s angle dθ and arc length dLi of the microelement segment i
are calculated by:

dθ = βi =

{
arctan yi−yi−1

xi−xi−1
( xi < xi−1)

180◦ + arctan yi−yi−1
xi−xi−1

(xi > xi−1)
(4)

dli =
√
(xi − xi−1)

2 + (yi − yi−1)
2 (5)

(2) The circular curve index is obtained by microelement integration. The final integrated
flat curve deflection angle (α), flat curve length (L), and flat curve radius (R) are
calculated by:

α =
n

∑
i=1

βi (6)

L =
n

∑
i=1

dli (7)

R =
180◦·L

π·α (8)
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Due to the limited elevation data of the map software, the vertical curve alignment of
the highway cannot be restored. In this study, with the limited elevation information, the
terrain alignment of the highway is divided into uphill and downhill sections. The slope
between adjacent points is calculated by:

gi =
hi − hi−1

dLi
(9)

When the slope is less than zero, the section is downhill, otherwise, it is regarded as
an uphill section. In addition, when the slope exceeds ±8%, it is considered that this is
either a bridge or tunnel section, and the value was replaced by ±1%.

2.3. Negative Binomial Regression

Negative binomial regression can be understood as Poisson regression in a generalized
sense, by introducing a gamma noise term enabling the model to deal with overdispersion
of accident data [29,30]. Negative binomial regression relaxes the assumption of equal
expectation and variance in the Poisson distribution by introducing an error term εi [31],
and the expression for the average accident number λi of road section cells is as follows:

λi = tie(βXi+εi) (10)

In Equation (10), e(βXi+εi) is the data that obeys a gamma distribution with a mean
equal to one and a variance equal to xα. The probability of the negative binomial model
can be written:

P(ni) =
Γ
(
ni + α−1)

[Γ(α−1)·ni!]

(
1

1 + αλi

)α−1(
αλi

1 + αλi

)ni

(11)

2.4. Multilayer Perceptron Model

The multilayer perceptron model is based on the theoretical extension of the percep-
tron model proposed by Rosenblatt in the 1950s [32]. Perceptual machines are capable
of handling linearly divisible problems of simple logic (such as with, or, and without).
However, it has only one layer of functional neurons with limited ability to solve nonlinear
separable problems. The multilayer perceptron solves the above problem by adding sev-
eral layers of functional neurons between the input and output layers. The schematic is
shown below [33].

Figure 4 shows that each layer of the multilayer perceptron is fully interconnected with
the subsequent layer of neurons, and there are neither same-layer connections between
neurons nor any cross-layer connections. The input layer does not contain functional
neurons but only serves as a structural unit to receive information. The neurons in the
implicit and output layers need to process the signals transmitted from the input layer, and
the final results are derived from the output layer.

Assume that the training set is D = {(x1, y1), (x2, y2), · · · , (xN , yN )}, xi ∈ Rd, yi ∈ Rl .
That is, the input layer consists of a total of d neurons, and the output dimension is a
n-dimensional vector. Additionally, assume that the hidden layer is a single-layer structure
consisting of q neurons, the threshold of the jth neuron in the output layer is ξ j, and that the
threshold of the hth neuron of the middle hidden layer is λh; vih is the connection weight
between the ith neuron in the input layer and the hth neuron in the hidden layer, vih and
wih is the connection weight between the hth neuron of the hidden layer and the jth neuron
of the output layer. The ReLU function was chosen as the activation function. In addition,
αh is the input of the hth neuron of the middle layer, β j is the input of the hth neuron in the
output layer, and yj is the output. The relevant calculations are below.

αh =
d

∑
i=1

vihxi, (12)
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β j =
q

∑
h=1

whjbh, (13)

yj = f

(
q

∑
h=1

whj·bh + ζ j

)
, (14)

The multilayer perceptron solves the problem of assigning a weighting factor by
using an error back-propagation algorithm. The core of the algorithm is to minimize the
cumulative error on the training set, where the mean-square error on the nth sample is
denoted by En:

En =
1
2

l

∑
j=1

(
yn

j − ŷn
j

)2
(15)Sustainability 2023, 15, 1893 6 of 15 
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2.5. SHAP Interpretation

The SHAP model is often used to interpret the importance of features of complex
models, such as deep learning models [34]. Due to its powerful parsing and visualization
capability, some scholars have gradually applied it to the study of traffic safety in recent
years [35,36]. The expression of the SHAP model is as follows.

g
(
z′
)
= ϕ0 +

M

∑
i=1

ϕiz′i (16)

where g(·) represents the interpreter, ϕ0 represents the model benchmark, ϕi is the Shapley
value of the first feature, M represents the number of features, and z′i indicates the presence
or absence of this feature.

2.6. Model Evaluation Metrics

In this study, the overall relative error (ORE), mean absolute deviation (MAD), cumu-
lative residual (CSR), and correlation coefficient (ρY,Y′ ) metrics are chosen to evaluate the
prediction accuracy and generalization performance of each model.

ORE =
y′i − yi

yi
(17)

MAD =
1
n

n

∑
i=1

∣∣yi − y′i
∣∣ (18)
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CSR =
n

∑
i=1

∣∣yi − y′i
∣∣√

y′i + ky2
i

(19)

ρY,Y′ =
cov(Y, Y′)

σYσY′
(20)

where yi and y′i the true and predicted accident frequencies of the ith road section, respec-
tively, and n is the number of road sections.

3. Results
3.1. Traffic Accident Data

In this study, data and information pertaining to 36,439 traffic accidents from 2010
to 2016 were collected from the traffic management department of Chongqing, China, for
four highways with a total statistical mileage of up to 1194.8 km. The accident information
mainly includes the time of the incident, driver information, location of the incident,
casualty information, weather conditions, accident patterns, the topography of the accident,
road conditions, traffic control mode, road type, road alignment, lighting conditions,
accident category, etc. The statistical information of each highway accident is tabulated in
Table 1.

Table 1. Statistics of traffic accidents on four highways studied herein from 2010 to 2016.

Road Section Statistical
Mileage/km

Number of
Accidents

Number of
Deaths

Number of
Injured

Direct Property
Damage/Million Yuan

Baomao highway 501.1 7483 246 2405 13,248
Hulong highway 352.5 2455 94 803 2156
Lanhai highway 229 13,404 138 1988 17,196
Yinkun highway 112.2 13,097 85 1755 11,374

Total 1194.8 36,439 563 6951 43,974

Only the information pertaining to the four highways in Chongqing City listed above was considered.

3.2. Verification of Road Geometric Alignment Backcalculation

The reliability of the back-calculation method was verified by using a part of the Nanfu
highway in Chongqing, China, which had a total mileage equal to 55 km (see Figure 5).
The longitude, latitude, and elevation information of each target point along the route were
extracted at intervals of 10 m and 40 m, respectively. According to the calculation process
(see Equations (4)–(9)), microelement calculation was conducted to obtain the final inverse
calculation results of the highway plane and longitudinal section alignment index. The
result of the validation is listed in Table 2.

Table 2. Correlation test results.

Calculated Values

Design Value

Length of Flat
Curve

Deflection Angle
of Flat Curve

Radius of Flat
Curve

Length of
Longitudinal Slope

Slope of the
Longitudinal Slope

length of flat curve 0.89 ** −0.29 0.03 — —

deflection angle of
flat curve −0.14 0.96 ** −0.52 ** — —

radius of flat curve 0.06 −0.33 * 0.30 — —

length of
longitudinal slope — — — 0.95 ** 0.05

slope of the
longitudinal slope — — — 0.10 0.94 **

** Represents significant correlation at the 0.001 level; * represents significant correlation at the 0.05 level.
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From Table 2, the correlation coefficients of the flat curve’s length, flat curve deflection
angle, longitudinal slope length, and longitudinal slope gradient are all above 0.85. It
shows that the calculated values are consistent with the design values. However, the
correlation coefficient between the design and calculated values of the flat curve radius
is only 0.3, and the statistical result shows that the difference between the calculated and
the maximum value of the design flat curve’s radius is significant (see Table 3, the error
is 64.94%). Then, the K-means clustering algorithm was used to further cluster the flat
curve radius indices. There are three outliers in the inverse calculation values of 8.26 km,
8.80 km, and 11.29 km, which are much larger than the design value of this indicator for
the corresponding road section. After removing these three resultant points, the correlation
index between the design and calculated values of the flat curve radius will rise to 0.72, and
the corresponding value will be less than 0.0001, thus indicating that they are significantly
correlated. Therefore, the road geometric alignment back calculation algorithm can be used
for subsequent traffic safety prediction analysis.

Table 3. Statistical analysis of the calculated and design values of the horizontal curve radius.

Radius of Flat
Curve

Maximum
(/km)

Average Value
(/km) Minimum (/km) Error (/%)

calculated values 11.29 2.54 0.56
64.94

design value 3.60 1.54 0.79

3.3. Model Fitting Results

According to the calculated geometric alignment results, the homogeneous method
was then used to divide the road into several section units. A total of 2063 road section
units were finally obtained as the basic data for the study. The section unit length, straight
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section length, flat curve radius, flat curve deflection angle, longitudinal slope gradient,
longitudinal slope length, and slope difference were selected as the input variables of the
model. The section unit accident frequency was used as the explanatory variable of the
model. In order to avoid too large variables that may result in very small intervals, the
study readjusted the unit of each input variable (Table 4). Additionally, it was assumed
that the flat curve radius and flat curve deflection angle of the straight section unit were
100 km (infinity) and 0◦, respectively. The length of the straight section on the flat curve
section was 0 km.

Table 4. Summary statistics of variables.

Independent Variable Variable
Symbols Unit Average Value Standard

Deviation
Minimum

Value
Maximum

Value

accident frequency - several cases
per year 0.48 0.52 0 2.57

length of road section L km 0.51 0.33 0.12 2.9
length of straight section Sl km 0.17 0.27 0 2.4

flat curve radius Hcr 10 km 3.52 4.65 0.0136 10
deflection angle of flat curve Hca ◦ 14.63 18.26 0 97.83
longitudinal slope gradient Vcg % 1.26 3.71 −4.2 4.
longitudinal slope length Vl km 1.22 0.92 0.15 4.6

slope difference Gd % 1.69 4.71 0 8.7

A randomly selected part (80%) of the data constituted the training set for the training
and parameter calibration of the MLP model. The remaining 20% of the data was used
to validate the generalization performance of the model. Besides, a negative binomial
regression model was used as a control method to analyze the differences between the
traditional statistical method and the machine learning method. The accuracy of the
negative binomial model and MLP model predictions were evaluated based on the ORE,
MAD, CSR, ρY,Y′ . The implementation process of MLP model hyperparameter optimization
is shown as follows:

(1) Determining the MLP model input and output dimensions as well as formulating the
number of neurons in the input and output layers.

(2) To speed up the convergence of the MLP model, the data set needs to be normalized
and compressed into a finite value domain space.

(3) Importing the normalized accident data into the MLP model, determining the cost
function of the neural network model, and calibrating the hyperparameters of the
multilayer perceptron model until the model reaches the target accuracy.

(4) Importing normalization of the fitted prediction results of the MLP to restore the
original magnitude of the data. The optimization of the hyperparameters of the MLP
model are shown in Table 5 and A comparison between negative binomial model and
MLP model is outlined in Table 6.

Table 5. Hyperparameters Tuning.

Hyperparameter Range Value

Learning Rate 0.00001, 0.0001, 0.001, 0.01, 0.1 0.001

Batch Size 16, 32, 64 32

Optimization Function SGD,Adam,RMSprop Adam

Number of hidden layers 2, 4, 6, 8 4

Number of monolayer neurons 40, 60, 80, 100, 120, 140 120

Maximum number of iterations 250, 300, 350, 400, 450, 500 450
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Table 6. Model result comparison.

Negative Binomial Model MLP

Variables Coefficient Standard ErrOR p Value RI Rank

L 0.931 0.078 0.000 0.151 1

Sl 0.157 0.076 0.039 0.035 4

Vcg −0.113 0.751 0.880 0.022 6

Hcr −0.050 0.008 0.000 0.053 2

Vl 0.048 0.019 0.012 0.026 5

Gd 0.010 0.652 0.987 0.017 7

Hca −0.004 0.002 0.041 0.045 3

_cons −1.123 0.060 0.000 —— ——

α 0.151 0.041 —— —— ——

Evaluation metrics

ORE 3.5% 3.2%

MAD 0.441 0.371

CSR 216.609 193.380

ρY,Y′ 0.436 0.581
Note: p-values less than 0.05 indicate that the variable is significantly correlated with the dependent variable. RI:
Related importance = mean (|SHAP value|).

For the negative binomial model, the magnitude of the absolute value of the regression
parameters could indicate indirectly the degree of influence of the explanatory variables on
the dependent variable. The RI value in the MLP model results is the relative importance of
the feature calculated by SHAP theory, and the larger the value, the higher the contribution
of the feature to the explanatory variables. From the results, it can be observed that the
negative binomial model is consistent with the determined MLP model for the feature
with the greatest degree of influence on the frequency of roadway accidents, that is, the
roadway unit length; its corresponding RI value in the MLP is equal to 0.151. However, the
importance ranking of subsequent features in the MLP model is slightly different from that
of the negative binomial model, where the subsequent ranking in the negative binomial
model is Sl > Hcr > Vl > Hca. The ranking in the MLP model calculation results is
Hcr > Hca > Sl > Vl > Vcg > Gd. In addition, the explanatory variables in the negative
binomial model that are significantly related to the dependent variable also have the highest
RI values in the MLP model.

The overall relative errors of the negative binomial model and the multilayer percep-
tron model are approximately the same (both are about 3%).

However, the mean absolute deviation, cumulative residuals and correlation coeffi-
cients of the multilayer perceptron model are better than those of the negative binomial
regression model, thus indicating that the multilayer perceptron model has a better pre-
diction performance for the frequency of accidents in mountainous highway sections than
that of the negative binomial model.

3.4. Variable Correlation Analysis

As a type of parametric statistical model, the negative binomial model has good
explanatory properties, and the effect of its explanatory variables on the dependent variable
can be analyzed according to the nature of its regression coefficients. From Table 6, the road
section unit length, straight section length, and longitudinal slope length are all greater
than zero, thus indicating a positive correlation between these three characteristic variables
and the accident frequency of the selected road sections. Thus, it can be concluded that the
accident frequency gradually increases as these three characteristic variables increase. By
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contrast, the flat curve radius and flat curve deflection angle are negatively correlated with
the frequency of road unit accidents.

This paper further explored the nonlinear relationships between the six independent
variables ranked high in relative importance and the dependent variables in the MLP
model through SHAP theory. The independent variables are the road section unit length,
flat curve radius, flat curve deflection angle, straight-line section length, slope length, and
slope degree.

Figure 6a shows that there is a positive correlation between the length of the road
section unit and the accident frequency within the road section, and the greater the length
of the road section is, the higher the accident risk within the road section will be. In
addition, it can also be observed that the accident risk increases as a function of the road
section unit length as a Log function, and the growth rate gradually decreases. The SHAP
dependence plots of the flat curve radius and accident frequency of roadway units are
shown in Figure 6b,c. The radius of the flat curve of the straight-line section was set to
100 km to ensure the operation of the model; thus, there is a sample clustering point at the
location of 100 km in Figure 6b, where in the sample points are all straight-line section units.
Figure 6c shows that there is not a simple linear relationship between the radius of the road
section unit flat curve and the frequency of accidents within the unit. The relationship is
such that at the beginning, as the radius of the road section flat curve increases, the accident
frequency within the unit gradually decreases, while in instances in which the radius of the
road section unit flat curve exceeds about 3.9 km, the accident risk within the unit increases
slightly. The conclusion here is not entirely consistent with the established studies in which
the radius of a flat curve is negatively correlated with the frequency of unit accidents on
flat curve sections [37]. The reason for this analysis is attributed to the fact that long and
straight sections can have an impact on driving safety. When the radius of the flat curve is
too large, the curvature of the flat curve is relatively small, and the driving difficulty is low;
therefore, the driver is prone to subconsciously increase the speed, thus increasing the risk
of accidents.

There are two inflection points in the data in Figure 6d. The results indicate a higher-
order polynomial correlation between the deflection angle of the flat curve and the fre-
quency of roadway unit accidents. When the flat curve deviation angle of the road section
is less than 19◦ or more than 60◦, the accident frequency is negatively correlated with the
flat curve deviation angle, and the accident risk gradually decreases as a function of the flat
curve deviation angle in this interval section. In addition, when the flat curve deflection
angle is between the two inflection points, the accident risk of the road section increases in
relation to the increase of the flat curve deflection angle. The conclusion is consistent with
established studies in terms of the pattern of change, except for the difference in threshold
values.

Figure 6e shows that the accident frequency of the road section at the beginning
gradually decreases as a function of straight-line length, and there is a quadratic polynomial
relationship between the straight-line length and the accident frequency. When the straight-
line length exceeds 1.15 km, the length of the straight-line section is positively correlated
with the accident risk. That is, when the straight-line length within the section is too short
or too long, are not conducive to highway traffic safety.

Figure 6f shows that the frequency of accidents within the road section decreases
as a function of the increase in slope length. However, when the slope length exceeds
2.8 km, the accident risk in the road section increases slightly as a function of the slope
length. Analyzing the reason is that the car would brake frequently and easily in the long
downhill section, thus leading to overheating of the brake system and a decrease in braking
performance, which is not conducive to driving safety. For the long uphill section, the
travel speed of large vehicles is reduced considerably, thus leading to increases in the speed
differences between large vehicles and small vehicles; in turn, this leads to an increase in
the frequency of overtaking, thus increasing the risk of traffic accidents.
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Figure 6g shows the SHAP dependence of the longitudinal slope gradient and accident
frequency, from which it can be observed that the longitudinal slope gradient is correlated
with the accident frequency based on a quadratic polynomial function. The accident risk of
the road unit gradually increases as a function of the increase of the absolute value of the
longitudinal slope, and the rate of increase of accident risk on the uphill slope is slightly
larger than that on the downhill slope. This study found that the accident risk of road
section units gradually increases with the increase of the absolute value of longitudinal
slope, and the rate of accident risk increase on uphill is slightly larger than that on downhill.
This conclusion differs from the studies [37] in which the number of accidents on downhill
sections is relatively higher than the number of accidents on uphill sections for the same
absolute value of slope.
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the road section; (b) flat curve radius; (c) zoom plot of plot b; (d) flat curve deflection angle; (e) length
of straight-line section; (f) length of slope; (g) slope gradient.

4. Conclusions

This study aims to collect road design data in large-scale research and analyzes the
accident risk of highway geometric alignment. Accordingly, a method based on satellite
maps and clustering algorithms is proposed to calculate the geometric alignment of the
highway plane and its longitudinal section and the reliability of the method was verified
on Nanfu highway in Chongqing, China. With the corresponding 36,439 traffic accidents
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which occurred from 2010 to 2016 being used as the research objects. The accident risk of the
highway geometry was analyzed based on the SHAP and MLP theories. The conclusions
are as follows:

(1) A set of back-calculation methods based on a microelement method and cluster
analysis of road geometric alignment was proposed in this study, and a 55 km highway
was selected to verify the reliability of the method. The results showed that the back-
calculated values of the flat curve length, flat curve deflection angle, longitudinal
slope length, and longitudinal slope gradient were significantly correlated with the
designed values. In addition, the correlation between the back-calculated values of
the flat curve radius and the design value was improved significantly after stripping
the outliers based on cluster analysis.

(2) The section unit length, straight-line segment length, flat curve radius, flat curve
deflection angle, longitudinal slope gradient, longitudinal slope length, and slope
difference were selected as the input variables of the model, and the fitted prediction
models were established by using the negative binomial regression and multilayer
perceptron algorithm. Furthermore, the prediction accuracy of the model was evalu-
ated by using the overall relative error, mean absolute deviation, cumulative residual,
and correlation coefficient. The results showed that the prediction accuracy of the
MLP model was better than that of the negative binomial model, and the evaluation
indices were 3.2%, 0.371, 193.38, and 0.581, respectively.

(3) SHAP theory was used to visualize the internal mechanism of action of the MLP model,
and the results showed that only the road section unit length was monotonically and
positively correlated with the accident frequency; the other characteristic variables
exhibited complex nonlinear relationships with the accident frequency. Compared
with the negative binomial model, the MLP model can estimate the complex nonlinear
relationship between the independent and dependent variables more accurately and
flexibly and can thus obtain a higher prediction accuracy.

(4) In a future study, a comprehensive evaluation of road infrastructure accident risks
will be conducted by introducing additional features, such as traffic flow and road
cross-sections.
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