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As the basic and important service facilities of the national economy, the smooth 
and safe operation of expressways is of considerable practical significance to 
promote the stable development of the transportation industry and support 
the implementation of national strategies. Therefore, in order to improve the 
ability of expressways to deal with sudden traffic accidents and its operation and 
maintenance resilience, this study introduces the theory of safety resilience into 
the safety management of expressway sections, uses word frequency analysis 
to identify the main factors of high-speed operation and maintenance safety 
resilience, and constructs an evaluation system of operation and maintenance 
resilience. An expressway operation and maintenance resilience evaluation 
model based on improved dung beetle algorithm optimization (WFA-Critical-
IAHP-DBO-ELM) was established and applied to a section of the Chang–Zhang 
Expressway. Compared with the random forest model and XGBoost model, it is 
proven that the DBO-ELM model has strong generalization ability and evaluation 
accuracy. This paper proposes a scientific evaluation solution for improving the 
resilience of expressways and provides a reference for engineering practice.
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 1 Introduction

A report delivered to the 20th CPC National Congress of China Party clearly pointed 
out that it is necessary to optimize the layout, structure, function, and system integration 
of infrastructure and build a modern one. As the foundation, forerunner, strategic 
industry, and important service facilities of the national economy, the smooth and safe 
operation of expressways is of great significance to promote the healthy development of 
the transportation industry and support the implementation of national strategies. By 
2025, mileage of the newly added expressways in China has reached 192 km, and the 
total mileage has exceeded 8,613 km. The successful operation of a series of landmark
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projects has strongly supported the national strategic 
development.12. However, rapid development of expressways is 
also accompanied by security challenges in the operation and 
maintenance stages. In recent years, there have been frequent 
accidents in the operation and maintenance stages of expressways. 
On 1 May 2024, the pavement collapse accident of Meida 
Expressway caused casualties and economic losses and had a 
negative impact on the public’s travel confidence and reliability 
of the transportation system, highlighting the lack of safety and 
resilience of the system. Traditional expressway safety management 
adopts the mode of “one road, one company,” which has serious 
business segmentation, unsmooth cross-organizational flow of 
elements, low transaction efficiency, and low sensitivity of operation 
and maintenance, and it is difficult to cope with the complex 
and changeable operation and maintenance environment. Thus, 
it is urgent to introduce the theory of safety resilience into the 
safety management of expressway sections to improve their anti-
interference ability and rapid recovery ability in emergencies and 
ensure long-term stable operation. Therefore, it represents not only 
an urgent need to ensure the safety of people’s lives and property but 
also an inevitable choice to promote the high-quality development 
of the transportation industry by refining and evaluating the factors 
influencing expressway operation and maintenance resilience so as 
to put forward the path to improve the operation and maintenance 
resilience. It is urgent to introduce resilience theory to enhance the 
anti-interference ability and rapid recovery ability of the highway 
system in emergencies, and ensure its long-term stable operation. 
Therefore, extracting the factors affecting the resilience of highway 
operation and maintenance, evaluating them, and proposing a path 
to improve the resilience of operation and maintenance is not only 
an urgent need to ensure the safety of people’s lives and property but 
also an inevitable choice to promote the high-quality development of 
the transportation industry. After combining the related literature, 
some scholars have carried out research on the resilience of 
expressway systems, focusing on the construction of the expressway 
resilience index system and resilience evaluation methods.

Domestic and foreign scholars have carried out relevant 
research from the dimensions of technology and management 
for the expressway operation and maintenance index system. 
Some scholars have established the resilience index based on 
the theoretical framework of structural performance “resilience 
triangle” by quantifying parameters such as structural performance 
attenuation rate and recovery gradient [1, 2]. However, the simple 
utility function framework cannot comprehensively construct 
the resilience evaluation using multidimensional indicators [3]. 
Therefore, some scholars express the connectivity of the road 

1 In 2024, the main development goals of steady economic operation 

were successfully achieved, National Bureau of Statistics, [ol], https://

www.stats.gov.cn/SJ/zxfb/202501/T20250117_1958332.html [2025-4-

10]

2 The State Council Information Office’s “Achievements of High-

quality Economic Development in China” series of press conferences: 

introducing the high-quality development of transportation service 

economy, China Government Network., https://www.gov.cn/lianbo/

fabu/202412/content_6994943.htm

network by integrating the index system of complex network theory 
and adopting parameters such as node degree distribution and 
network efficiency [4–6]. Although the complex network model 
can consider more dimensions of operation and maintenance 
indicators, it has poor sensitivity and high requirements for a 
single data source [7, 8]. In addition, some literatures only consider 
the pavement itself in the construction of the operation and 
maintenance resilience index of expressway sections, ignoring the 
exogenous factors leading to traffic accidents [5, 6, 9, 10]. The 
operation and maintenance of the expressway system takes into 
account not only data such as road conditions and traffic flow but 
also historical and current information such as aging degree of 
facilities and safety management measures. Exogenous factors such 
as regional economic development level, high-speed managers, and 
traffic services indirectly have a crucial impact on the occurrence 
of high-speed accidents. At the same time, the traditional index 
construction only considers disaster and accident data, and the 
data sources are scattered, so it is difficult to unify the dimensions. 
The extraction of disaster and accident data is superficial and 
lacks targeted index construction, with a low correlation between 
indicators [11–13]. Moreover, the evaluation results of some 
index dimensions lack scientific comparison, the basis of index 
construction is not revealed, and the evaluation mechanism has 
not been clarified. [14]. Therefore, the following improvements are 
put forward in the index construction of this study: ① introducing 
external influencing factors such as regional economic indicators 
to enhance the comprehensiveness of high-speed operation and 
maintenance evaluation; ② using word frequency analysis to extract 
the evaluation basis of key expressway operation and maintenance 
index enhancement index data; ③ synthesizing the data of disasters 
and accidents and establishing the multi-dimensional high-speed 
operation and maintenance evaluation index.

For expressway resilience evaluation methods, scholars mainly 
focus on traditional evaluation models, classical statistical methods, 
and artificial intelligence model algorithms. Traditional evaluation 
methods take simple utility function method as the core and 
realize the resilience quantification by establishing performance 
loss function1,2 such as the resilience triangle function proposed 
by Bruneau et al. [15] and the road network toughness evaluation 
method based on the factor model by Aydin et al. [16]. Although this 
method is simple in calculation, it is difficult to accurately reflect the 
nonlinear change in complex disaster scenes. The classical statistical 
model mainly adopts the multiple linear regression equation 
[1] and probability evaluation method [2], but there are some 
shortcomings, such as insufficient consideration of the interaction 
between indicators, low accuracy of the model, and poor adaptability 
to complex data [3]. In recent years, the artificial intelligence method 
has made a breakthrough in the field of toughness evaluation, 
which mainly includes the following: (1) evaluation models based 
on machine learning, such as support vector machine [4], random 
forest [7] and neural network [9], mining the potential association 
between toughness indicators through the data-driven mode; (2) 
intelligent optimization algorithms, such as the genetic algorithm 
[10] and particle swarm optimization [5], are used for decision 
optimization of the multi-objective toughness improvement scheme; 
(3) digital information technology [6], through the construction 
of the entity-virtual two-way mapping model to achieve dynamic 
evaluation of system resilience; in addition, probability, simulation 

Frontiers in Physics 02 frontiersin.org

https://doi.org/10.3389/fphy.2025.1647241
https://www.stats.gov.cn/SJ/zxfb/202501/T20250117_1958332.html
https://www.stats.gov.cn/SJ/zxfb/202501/T20250117_1958332.html
https://www.gov.cn/lianbo/fabu/202412/content_6994943.htm
https://www.gov.cn/lianbo/fabu/202412/content_6994943.htm
https://www.frontiersin.org/journals/physics
https://www.frontiersin.org


Zhao et al. 10.3389/fphy.2025.1647241

model, dynamic Bayesian network, and other methods have also 
been used for quantitative evaluation of system resilience, but the 
research on expressways is relatively scarce. The existing research 
provides an important reference for expressway system toughness 
evaluation, but there are still some shortcomings: First, most of the 
research studies focus on the impact of specific scenarios, such as bad 
weather and extreme disasters, on expressway toughness, lacking 
cross-domain applicability, and it is difficult to comprehensively 
cover the expressway toughness performance in daily operation and 
emergency response [5, 9, 10]. Second, although many advanced 
theories and methods are used in the construction of evaluation 
models, these models rely on much specific data, which have poor 
universality and reproducibility in expressway systems in different 
regions and are difficult to be widely used in actual expressway 
operation and maintenance management [6, 11–14]. The extreme 
learning machine (ELM) model optimized by the dung beetle 
optimization algorithm (DBO) shows remarkable cross-domain 
applicability by combining the global search ability of the intelligent 
optimization algorithm with the efficient learning characteristics of 
ELM [13, 16–22]. Compared with the stability limitation caused by 
the random initialization parameters of traditional ELM, DBO-ELM 
can effectively improve the convergence speed and generalization 
accuracy of the model by dynamically adjusting the network weight 
threshold, especially when dealing with high-noise and nonlinear 
data, and improve the repeatability of the evaluation data [23–31]. 
Therefore, in this study, the toughness theory is introduced into 
the safety management of the expressway system, and the ELM 
algorithm model optimized by the improved DBO is combined to 
evaluate the toughness of the expressway section system, taking 
into account the correlation between the actual pavement and 
the surrounding economic and environmental conditions. We put 
forward a feasible safety promotion path in the operation and 
maintenance stage of the expressway system and proposed new 
ideas and methods for ensuring the safe and stable operation of 
expressway Article types. 

2 Method selection

2.1 Theoretical basis

2.1.1 Resilience theory
Based on the scenario of highway operation and maintenance, 

the resilience of highway system operation and maintenance refers 
to the anti-interference ability of the highway system to maintain 
basic traffic functions, the response ability to quickly identify faults, 
and the repair ability to restore normal operation after disasters 
in the face of sudden traffic events (such as road collapse and 
multi vehicle rear end collisions) and environmental disturbances 
(such as meteorological disasters). It is a comprehensive reflection 
of the combined effects of system stability, redundancy, adaptability, 
recovery, and external driving forces. This definition differs from 
traditional single-disaster resistance capabilities, emphasizing the 
dynamic characteristics of the entire process from interference to 
response and recovery, and is in line with the operational needs of 
continuous operation of and sudden risks in highways (Figure 1).

Based on the core connotation of resilience theory, this 
study constructs a five-dimensional evaluation framework for 

stability, redundancy, adaptability, resilience, and driving force by 
combining the technical characteristics of highway operation and 
maintenance (such as facility status and traffic flow) with the external 
environment (such as regional economy). The theoretical basis for 
each dimension is as follows: Stability: Based on the theory of 
infrastructure safety monitoring, it focuses on the basic ability of 
the system to resist interference. By quantifying indicators such as 
environmental equipment monitoring coverage, entrance and exit 
density, and facility integrity [15, 16], use of a sound monitoring 
system and high-quality facilities can reduce the probability of 
sudden failures, which is the fundamental guarantee for resilience; 
Redundancy: Based on the theory of system redundancy design, 
the risk of traffic flow fluctuations and resource shortages is 
evaluated through indicators such as channel congestion, per 
capita road area, and peak traffic volume [3, 7]. The theoretical 
logic is that when a certain passage fails (such as an accident 
occupying the road), redundant resources (such as emergency lanes 
and backup road networks) can replace the original functions, 
reduce service interruption time, and the per capita road area 
reflects the supporting role of redundant resources in conferring 
resilience. Adaptability: Based on the theory of organizational 
management adaptation, it emphasizes the ability of operation and 
maintenance entities to respond to complex scenarios, quantified 
through indicators such as security management system, dispatch 
and command efficiency, and personnel skill quality [32, 33]. The 
adaptability of personnel and systems determines the flexibility of 
the system’s response to sudden situations, and the skill quality of 
dispatchers selected in this article directly affects the efficiency of 
on-site command after accidents. Resilience: Based on the theory 
of post-disaster repair efficiency, focusing on the system’s ability to 
recover from a fault state, evaluated through indicators such as the 
integrity of communication electromechanical systems, emergency 
response capabilities, and fire water supply systems [34, 35]. The 
availability of critical facilities and the completeness of emergency 
mechanisms determine the time taken for fault repair. Driving 
force: Based on the theory of economic infrastructure synergy, we 
innovatively incorporate regional economic factors into resilience 
assessment [36, 37]. Economic indicators such as regional per capita
GDP and urbanization rate determine the investment of operation 
and maintenance funds, which are external guarantee factors for 
enhancing overall system resilience. Economic development has a 
positive driving force on operation and maintenance resilience. 

2.1.2 Model theory
ELM is a single hidden layer feedforward neural network (SLFN) 

learning algorithm that revolutionizes traditional neural networks. 
The core breakthrough of the ELM model lies in optimizing the 
inefficient learning mode that relies on the iterative adjustment 
of all parameters in traditional neural networks and establishing 
an efficient learning framework based on random mapping and 
analytical solutions. Compared with traditional methods such as 
backpropagation (BP) neural networks, ELM models significantly 
improve learning speed and generalization performance while 
maintaining nonlinear fitting ability [36, 38–42].

The fast learning characteristics of ELM models stem from 
a unique parameter determination mechanism. During network 
training, the weights and biases from the input layer to the 
hidden layer are randomly initialized and do not require iterative 
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FIGURE 1
Research technical route.

optimization through backpropagation [3, 43, 44]. The weights 
from the hidden layer to the output layer are directly determined 
through analytical methods for solving linear systems. This 
process avoids the local optimal trap and lengthy iterative process 
brought by traditional gradient descent methods. This mechanism 
exhibits the advantages of excellent efficiency on large-scale 
datasets, such as MNIST handwriting recognition and traffic
sign recognition.

From a theoretical perspective, the ELM model breaks through 
the traditional neural network’s dependence on parameter iteration 
adjustment [45, 46]. Its mathematical essence is to construct a 
feature space through randomly generated hidden layer nodes 
and then solve for the optimal output weights through the least 
squares method. This method not only ensures the universal 
approximation ability of the model but also significantly reduces 
the need for human intervention. In engineering applications, the 

ELM model is particularly suitable for handling high-dimensional, 
nonlinear, and noisy data in scenarios such as highway operation 
and maintenance. The randomly initialized hidden layer parameters 
can capture complex patterns in the data, while the analytical 
solving process ensures stable learning performance even under 
small sample conditions. Compared with the BP neural network, 
the ELM model effectively avoids the shortcomings of slow 
training speed and easy to fall into local extremum. In empirical 
research in multiple fields such as runoff prediction and quality 
monitoring, it has shown better relative error and certainty
coefficient [47].

The Dungeon Optimization Algorithm (DBO) is a novel 
swarm intelligence optimization algorithm proposed in 2022. 
The core innovation lies in constructing an optimization 
framework that balances global exploration and local development 
by simulating the three ecological behaviors of beetles in 
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nature. Compared with traditional methods such as particle 
swarm optimization (PSO) and genetic algorithm (GA), the 
DBO algorithm exhibits stronger convergence ability and 
resolution accuracy when dealing with complex optimization
problems [48].

The three behaviors of the DBO algorithm have achieved 
comprehensive improvement in optimization performance through 
dynamic collaboration. Global exploration ensures the breadth of 
search, local development ensures the depth of search, and diversity 
maintenance ensures the sustainability of search. This collaborative 
mechanism enables the DBO algorithm to strike a balance between 
convergence speed and solution quality when dealing with complex 
engineering problems such as ELM model parameter optimization, 
providing an efficient and reliable parameter optimization solution 
for the resilience assessment model of highway operation and 
maintenance [32, 33, 49, 50]. 

2.2 Research innovation

Expressway system operation and maintenance not only involves 
real-time data such as road conditions and traffic flow but also 
needs to consider the aging degree of facilities, safety management 
measures, and other historical and current information. Therefore, 
the measurement of expressway system operation and maintenance 
resilience involves large data, fuzzy information, diverse indicators, 
and close correlation.

The existing research often adopts a traditional model and 
single model to evaluate, which has obvious shortcomings [51] 
For example, the adaptability and effectiveness of the entropy 
weight method are limited when dealing with a large number 
of high-dimensional data; Reasoning-based models, such as 
cloud models, have advantages in dealing with uncertainties, 
but the complexity of reasoning programs is high. In addition, 
it is difficult for a single method to comprehensively cover 
all aspects such as environment, economy, and climate of 
expressway system operation and maintenance and safety and 
toughness, which leads to a single perspective of the evaluation
results.

Aiming at the shortcomings, this paper puts forward an 
innovative solution: to build a comprehensive model of word 
frequency analysis (WFA), objective weight method based on 
conflict indicators (CRITIC), interval analytic hierarchy process 
(IAHP), DBO, and ELM. Fuzzy information in expressway operation 
and maintenance data is flexibly extracted by WFA, which 
lays a foundation for evaluation. CRITIC is used to objectively 
determine the weight of each index to reduce subjective interference. 
IAHP provides a systematic decision-making framework to help 
comprehensive consideration. Improved DBO plays a key role in 
feature selection and extraction of massive data. The ELM realizes 
efficient prediction and evaluation by virtue of its fast learning 
and generalization ability. [52–55]. The measurement model of 
expressway system operation and maintenance constructed in this 
paper not only overcomes the limitations of traditional methods 
but also constructs a more comprehensive, concise, and adaptable 
analysis framework, aiming at improving the comprehensiveness 
and accuracy of expressway system operation and maintenance 
toughness evaluation. 

3 Construction of the expressway 
operation and maintenance resilience 
measurement index system

In order to further study and improve the resilience of 
expressway operation and maintenance, this study adopts literature 
retrieval-word frequency analysis-index extraction to build an 
evaluation index system. With keywords such as “highway traffic,” 
“toughness theory,” “risk assessment,” “operation and maintenance 
safety,” and “toughness evaluation,” 71 papers highly related to this 
research topic were searched on authoritative platforms such as 
China CNKI and Web of Science. WFA is introduced to make word 
frequency statistics on key words such as resilience index, evaluation 
index, and influencing factors, and finally 150 indexes closely related 
to the resilience of expressway system operation and maintenance 
are extracted. Screening the index items with frequency more 
than four times, and merging the similar indexes to eliminate 
redundancy and improve the refinement and practicability of the 
index system, and finally determining 30 unique and representative 
toughness indexes, as shown in Table 1. In the stage of model 
construction, the multidimensional characteristics of expressway 
system operation and maintenance toughness are fully considered, 
including key aspects such as stability, redundancy, adaptability, 
resilience, and driving.

4 Construction of the expressway 
operation and maintenance resilience 
measurement model

In order to ensure the accuracy and reliability of the evaluation 
results, the combination of subjective weighting and objective 
weighting is used to determine the index weight. IAHP-CRITIC is 
used to comprehensively consider expert experience and objective 
data, and a more scientific and reasonable weight distribution 
is obtained.

In order to further improve the efficiency and accuracy 
of the evaluation model, this paper introduces the improved 
DBO-ELM for evaluation, which can not only quickly process 
a large number of index data but also find the optimal 
evaluation model parameters through the optimization algorithm, 
thus ensuring the stability and reliability of the evaluation
results. 

4.1 Expressway operation and 
maintenance toughness measure index 
combination weighting

In the evaluation of expressway operation and maintenance, 
it is easy to miss information only by subjective judgment, and 
the method of combining subjective empowerment with objective 
empowerment is adopted. 

4.1.1 Determination of subjective weight based 
on IAHP

IAHP is used to deal with fuzzy problems under the condition of 
insufficient information, which can effectively reflect the uncertainty 
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TABLE 1  Evaluation index system of expressway operation and maintenance toughness.

Primary index Secondary index Three-level 
index

References Score x

Evaluation of 
Expressway Traffic 

Operation and 
Maintenance Toughness

Stability

Coverage of 
environment and 

equipment monitoring 
system

[3–6, 8] 97.77 38.46

5 KM coverage rate of 
expressway entrance and 

exit

[3–6] 98.08 26.30

Condition of equipment 
and facilities

[3–6] 90.88 6

Meteorological disaster [6, 7, 26] 90.50 0.15

Road network density [33] 91.67 78.23%

Proportion of emergency 
roads vulnerable to 

disasters

[3–6] 96.38 40.00%

Passenger safety 
behavior index

[3–6] 93.15 3.79

Disaster early warning 
system

[3–6] 92.95 3.82

Redundancy

Congestion of vehicle 
passage

[3, 4, 7, 9, 18, 19] 93.39 3.90

Toll station density [3, 4, 7, 9, 18, 19] 95.25 0.02

Peak traffic volume [3, 4, 7, 9, 18, 19] 87.31 eight

Vehicle load on road 
section

[3, 4, 7, 9, 18, 19] 84.52 0.05

Per capita road area [3, 4, 7, 9, 18, 19] 99.52 2.3

Adaptability

Safety management 
system

[3–5, 6, 7, 33] 81.62 3.84

Dispatching command [3–7] 95.71 3.91

Operation level [3–7] 86.19 3.78

Dispatcher’s skill quality [26–33] 99.13 3.84

Driver’s skill quality [30–33] 93.19 3.98

Skills and quality of toll 
station personnel

[30–33] 97.44 3.91

Professional level of 
high-speed maintenance 

personnel

[33–35] 92.68 3.91

Safety training and 
education

[30–33] 91.95 3.79

Restorability

Communication system [3–6, 34, 35] 92.12 3.91

Electromechanical 
system

[4–6, 34, 35] 86.11 3.81

(Continued on the following page)
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TABLE 1  (Continued) Evaluation index system of expressway operation and maintenance toughness.

Primary index Secondary index Three-level index References Score x

Fire extinguisher system [4–6, 34, 35] 87.44 3.79

Feed system [26, 33–37] 92.14 3.88

Water Supply and Drainage 
System

[20–24] 97.83 3.94

Emergency response capability [21–24] 80.09 3.80

Driving force

Regional per capita GDP [21–24] 98.08 13.21

Regional urbanization rate [21–24] 90.88 78%

Regional GDP growth rate [21–24] 90.50 5%

and fuzziness of things. IAHP [11] Using interval number instead 
of point value to describe its uncertainty can effectively weaken the 
subjective tendency in expert evaluation and is more suitable for the 
evaluation of operation and maintenance toughness of high-speed 
traffic projects. 

4.1.1.1 Constructing the interval judgment matrix
In this paper, the scale method of 1–9 is used to compare the 

operation and maintenance risk factors of expressway operation 
and maintenance resilience, and the interval number of the 
relative importance of expert evaluation is constructed to form the 
judgment matrix (Equation 1).

A =

[[[[[[[

[

[1,1] [al
12,a

u
12] ⋯ [a

l
1n,a

u
1n]

[al
21,a

u
21] [1,1] ⋯ [al

2n,a
u
2n]

⋮ ⋮ ⋮

[al
n1,a

u
n1] [a

l
n2,a

u
n2] ⋯ [1,1]

]]]]]]]

]

(1)

 

4.1.1.2 Consistency test
Calculate k and m as follows:

k = √
n

∑
j=1

1
∑n

i=1
aU.

ij

(2)

m = √
n

∑
j=1

1
∑n

i=1
aL

ij.
(3)

The interval judgment matrix is in good agreement when 
k ≤ 1 and m ≥ 1, otherwise, this judgment matrix needs to be 
reconstructed (Equations 2, 3). 

4.1.1.3 Solving weights
In this paper, the weight vector Wz corresponding to the 

index is calculated according to the interval characteristic 
root method, and the calculation formula is as follows
(Equations 4–6).

Wz = (w1
z ,w2

z ,⋯,w
j
z,⋯,wn

z). (4)

σj = (kaL
j + laU

j )/2. (5)

wj
z = σj/

n

∑
j=1

σj. (6)

 

4.1.2 Determination of objective weight based on 
the CRITIC method

The CRITIC method is a weighting method to calculate the 
objective weight according to the amount of information in objective 
data. Compared with the entropy weight method, the CRITIC 
method is more effective in reflecting the differences and conflicts 
between indicators. Assuming that there are m schemes and 
indicators, the steps to determine the objective weight by the 
CRITIC method are as follows. 

4.1.2.1 Index standardization
In order to unify many indexes into the same dimension, it is 

necessary to standardize them so that all indexes have the same 
benefit. The processing methods for different types of indicators are 
as follows (Equations 7, 8).

Benefit index:

sij
′ =

sij −min(sj)

max(sj) −min(sj)
. (7)

Cost indicator:

sij
′ =

max(sj) − sij

max(sj) −min(sj)
. (8)

 

4.1.2.2 Calculate the volatility and conflict of indicators
The fluctuation of indicators is reflected by standard 

deviation. The greater the standard deviation, the more 
useful information it reflects. The conflict of indicators is 
reflected by the correlation coefficient between indicators. 
The stronger the correlation between indicators and other 
indicators, the more repetitive the content, and the less useful the
information.
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The calculation formulas of standard deviation and correlation 
coefficient are as follows (Equations 9, 10):

ξj = √
1
m

m

∑
i=1
(s′ij − s′j )

2
 i = 1,2,⋯,m, (9)

rij =
cov(Si

′,S′j )

(ξiξj)
 i, j = 1,2,⋯,n, (10)

where Si
′ and S′j  represent the I and J columns of S, respectively, 

representing separately S ith and j-th columns. 

4.1.2.3 Objective weight calculation
The information entropy of indicator J can be expressed as 

Ij Equation 11

Ij = ξj

n

∑
i=1
(1− rij). (11)

The greater the amount of information, the more useful it is, and 
the more weight should be taken. The objective weight of indicator 
J is calculated as follows (Equation 12):

wj
k =

Ij

∑n
j=1

Ij
(12)

 

4.1.3 Combination weight
In this paper, the combination weight is determined 

according to the principle of minimum discriminant information, 
and the subjective or objective limitations in the selection 
of index weight are overcome by narrowing the deviation 
between the combination weight and the subjective and 
objective weights of indicators [17, 56–59]. The mathematical 
model for determining the combination weight is as follows
(Equation 13):

{{{{{
{{{{{
{

min W =
n

∑
i=1
(ωj ln

ωj

wj
z

+ωi ln
ωj

wj
k

).

s.t.
n

∑
i=1

ωj = 1,  ωj ⩾  0 i = 1,2,⋯,n

(13)

The combined weights thus obtained are as follows (Equation 14):

wj =
√wj

zwj
k

∑n
i=1
√wj

zwj
k

(14)

 

4.2 Evaluation model of expressway 
operation and maintenance toughness 
based on DBO-ELM

4.2.1 ELM model
Aiming at the problems of low operation efficiency and poor 

applicability of traditional evaluation methods, and the subjective 
and nonlinear characteristics of multi-index, multi-factor and 
evaluation results in high-speed toughness efficiency evaluation, 
an evaluation model of expressway operation and maintenance 

toughness efficiency based on extreme learning machine is
proposed.

ELM has good generalization performance and extremely 
fast learning ability. Compared with the traditional neural 
network algorithm, the ELM does not need iteration or manual 
adjustment and only needs Moore–Penrose generalized inverse 
to calculate the weights. The basic structure of ELM significantly 
reduces the computational complexity and improves the operation 
speed such as shown in Figures 2–4. See Formula 15 for the
evaluation model.

{
{
{

fL(x) = h(x) ̂∗β

h(x) = [G(α1,b1,x),⋯,G(αL,bL,x)]
(15)

Where fL is the model function; h(x) Is the response of the 
hidden layer about x; G(α1, b1, x): Is a hidden layer function; β is 
the least square solution of the minimum norm of the loss function. 
fL(x): modeling functions; h(x): hidden layer G(α1,b1,x): hidden 
layer function 

4.2.2 Dung beetle optimization algorithm
The selection of ELM model parameters has a great influence 

on the accuracy of efficiency evaluation. Based on DBO, the 
hidden layer activation function, number of hidden layer 
neurons, and regularization coefficient of ELM are optimized 
by simulating dung beetle behaviors (such as rolling dung 
balls, breeding, foraging, and stealing) [60–62]. In order to 
improve the convergence accuracy of the algorithm and avoid 
local optimization problems, piecewise chaotic mapping is 
used to initialize the population and control the individual 
distribution. At the same time, the variable spiral search strategy 
is introduced to improve the breeding and foraging process and 
enhance the global search ability; Levy flight random walk is 
used to optimize the stealing behavior (Table 2), increase the 
disturbance of the solution, and enrich the population diversity 
[63–65]. The formula of the DBO optimization algorithm is 
(Equations 16–21).

4.2.2.1 Population initialization (piecewise chaotic 
mapping)

Chaotic sequence generation formula:

xi+1 =

{{{{{{{{{{{
{{{{{{{{{{{
{

xi

P
0 ≤ xi < P

xi − P
0.5− P

P ≤ xi < 0.5

1− P− xi

0.5− P
0.5 ≤ xi < 1− P

1− xi

P
1− P ≤ xi < 1

(16)

p ∈ (0,1) is a piecewise parameter, which is used to adjust the 
distribution of chaotic sequences. 

4.2.2.2 Behavior simulation of dung beetles

1. Rolling behavior (global search)
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FIGURE 2
ELM model structure diagram.

FIGURE 3
DBO-ELM algorithm flow chart.
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FIGURE 4
Iterative process.

TABLE 2  Evaluationmodel training parameters.

Parameter Value Parameter Value

Optimization range

Activation function 1∼3a Population size 40

Number of neurons in the 
hidden layer

2∼25 Maximum number of 
iterations

400

Regularization coefficient 1∼103 P 0.65

λ 2

a1 shows the activation function, and 1–3 are the corresponding activation functions “sig, sin, hardlim.”

2. The individual pushes the dung ball in a straight line:

xi+1 =

{{{{{{{{{{{
{{{{{{{{{{{
{

xi

P
0 ≤ xi < P

xi − P
0.5− P

P ≤ xi < 0.5

1− P− xi

0.5− P
0.5 ≤ xi < 1− P

1− xi

P
1− P ≤ xi < 1

(17)

Xt+1
i = Xt

i + α · (Xbest −Xt
i) + β · (Xrand −Xt

i) (18)

α,β is a random step factor; Xbest is the current optimal 
solution, and .Xrand is a random individual

3. Reproductive behavior (local search)
4. Female dung beetles lay eggs in safe areas;

Xegg = Xbest + r1 · (Xup −Xlow) · cos (θ) (19)

r1 ∈ [−1,1] Is a random number; Xup,Xlow is a boundary 
constraint; θ is the helix angle.

5. Variable spiral search strategy
6. Adaptive adjustment of the spiral path radius:

Xnew = Xbest + r2 · e
θ·cos (π·(1− t

T
)) · (Xbest −Xrand) (20)

r2 is a random number; t is the current number of iterations, 
and T is the total number of iterations.

7. Theft (Levy flight disturbance)
8. Using Levy flight to enhance diversity;

Xt+1
thief = Xt

thief + α · Levy(λ) · (Xbest −Xt
thief) (21)

Levy flight step generation (Equations 22, 23):

Levy(λ) ∼ u
|v |1/λ
,u ∼N (0,σ2

u),v ∼N (0,σ2
v) (22)

Frontiers in Physics 10 frontiersin.org

https://doi.org/10.3389/fphy.2025.1647241
https://www.frontiersin.org/journals/physics
https://www.frontiersin.org


Zhao et al. 10.3389/fphy.2025.1647241

FIGURE 5
Comparison of model output errors.

λ ∈ (1,3],σu = (
Γ(1+ λ) · sin (πλ/2)

Γ((1+ λ)/2) · λ · 2(λ−1)/2
)

1/λ
(23)

 

4.2.3 DBO-ELM model
The improved DBO algorithm is used to optimize the 

evaluation model of the extreme learning machine’s expressway 
operation and maintenance toughness, and a rapid evaluation 
model of expressway operation and maintenance toughness safety, 
applicability, durability, protection, green economy, and efficiency is 
constructed [66–71]. The algorithm flow of the DBO-ELM model is 
as follows Figure 5.

5 Case analysis of expressway system 
operation and maintenance 
toughness measurement

5.1 Case overview

The case selects an accident-prone place in Changsha–Zhangjiajie 
(Changzhang Expressway) to evaluate the operation and 

maintenance resilience (Figure 6). As an important traffic trunk line 
in Hunan Province, this section carries a large number of passenger 
and cargo transportation tasks, and its operation and maintenance 
safety and toughness are of great significance to ensure smooth 
traffic and reduce the accident rate. The accident-prone area is 
located in a mountainous area of Chang–Zhang Expressway. Due to 
the complex terrain, changeable climatic conditions, and large traffic 
volume, traffic accidents occur frequently in this area, which poses 
a severe challenge to the operation and maintenance management 
of expressways. On 9 March 2025, a multi-vehicle rear-end collision 
occurred at K68 east of Yiyang Toll Station in the Changyi section of 
Changzhang Expressway, and one of the trucks rolled over, resulting 
in slow traffic and returning to normal at 12: 07 PM on the same 
day; on the evening of the same day, a multivehicle rear-end collision 
occurred in the west–east direction at K18 near Youren Toll Station, 
which triggered traffic control and resumed at 21: 40 PM. Frequent 
accidents and disasters in this section and the time lag of operation 
and maintenance recovery pose challenges to traffic operation. In 
order to comprehensively evaluate the operation and maintenance 
resilience of this accident-prone area, this paper adopts various 
data collection methods to understand the topography, climatic 
conditions, and traffic facilities of this section through on-site 
investigation. Through the analysis of historical accident data, we 
master the accident types, frequency, and reasons of this section; 
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FIGURE 6
Chang–zhang expressway schematic diagram.

through expert interviews, professional opinions and suggestions 
on expressway operation and maintenance management were
obtained.

5.2 Expressway system operation and 
maintenance and safety and toughness 
measurement evaluation weight 
calculation

5.2.1 Index weight
Invite five experts and scholars who are familiar with expressway 

traffic operation and maintenance projects and have in-depth 
research on toughness theory, compare the identified operation 

and maintenance safety and toughness system sampling 1–9 
scale method in the form of interval numbers, and give the 
judgment matrix Table 5. Take stability as an example to give the 
comparison result of the first expert:

A11 = (α1
T,α2

T,α3
T,α4

T,α5
T,α6

T,α7
T,α8

T)

Expert weight3 ω = (0.3,0.15,0.25,0.1,0.2) According to experts, 
the interval judgment matrix is calculated, and the consistency 
matrix is as follows: = B1 (β1

T,β2
T,β3

T,β4
T,β5

T,β6
T,β7

T,β8
T).

3 After quantifying the qualifications of experts using the Likert scale, 

weight allocation is carried out based on the comprehensive evaluation 

of the total score of comprehensive qualifications
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TABLE 3  Evaluation model parameters.

Evaluation 
model 

parameters

Stability Redundancy Adaptability Restorability Driving force Operation 
and 

maintenance 
toughness

Activation function 1 2 3 3 3 2

Number of neurons [15] [20–24] [20–24] [20–24] [20–24] [20–24]

Number of hidden 
layers

70 70 70 70 70 70

Fitness 1.234 1.267 1.598 1.564 1.259 1.267

Calculate the weight of the consistency matrix, and combine 
the interval judgment matrix and the consistency matrix to obtain 
the range matrix at both ends. The consistency matrix and the 
range matrix at both ends are as follows, and the interval weight is 
refined by SPA method, the IAHP weight and CRITIC weight are 
obtained, and the comprehensive weight of combination weighting 
is determined according to the principle of minimum discriminant 
information as follows:

ω = (0.171, 0.183, 0.105, 0.120, 0.100, 0.132, 0.102, 0.087), 
repeat the above steps, and the weight of expressway operation 
and maintenance safety and toughness evaluation index is
as follows:

Stability: 1 (0.171, 0.183, 0.105, 0.120, 0.100, 0.132, 
0.102, 0.087); redundancy: 2: (0.480, 0.104, 0.134,
0.179, 0.103). 

5.3 Model evaluation

5.3.1 Source of indicator data
In this paper, the qualitative indicators are mainly eight 

indicators of the adaptability dimension. The questionnaire survey 
is used as a data collection method, and the data are collected by 
directional questionnaire to the actual dispatchers and commanders 
of the expressway. The measured data are obtained through on-the-
spot investigation and monitoring, and the driving indicators are 
Statistical Yearbook data4, and the county data near the expressway 
are used instead. 

5.3.2 Model parameter setting
Based on the model algorithm of expressway operation and 

maintenance toughness efficiency evaluation established in this 
paper, the model training parameters and sample database in 
Table 3 are input, and the sequential relationship of discrete 
index eigenvalues is eliminated by using single heat coding. And 
standardize the sample database to eliminate the dimensions of 
different indicators. See Tables 3, 4 for parameters of the expressway 
operation and maintenance toughness efficiency evaluation model.

4 Hunan Statistical Yearbook 2024,https://tjj.hunan.gov.cn/hntj/tjfx/hntjnj/

hntjnjwlb/202503/t20250331_33627676.html

Type of hidden layer activation function (discrete variables are 
coded as integers); number of hidden layer neurons; regularization 
coefficient (Equations 24, 25). To minimize the mean square error 
(MSE): g(·)L ∈ ℤ+C ∈ ℝ+

Loss = 1
N

N

∑
i=1

 (yi − ŷi)
2 (24)

yi is the true value, and ŷiis the predicted value of ELM.

Number range of neurons:;Lmin ≤ L ≤ Lmax

Regularization coefficient range:.Cmin ≤ C ≤ Cmax

(25)
 

5.3.3 Training process
Iterative training for 400 times, the fitness and iteration 

times of expressway operation and maintenance toughness 
efficiency evaluation model are as follows Figure 4. In the 
125th generation, it tends to be stable, and the minimum 
fitness is 0.65. 

5.3.4 Evaluation results
In this study, the safety and toughness of expressway 

operation and maintenance are quantitatively analyzed through 
the comprehensive evaluation model. The results in Table 5 
show that (1) the overall operation and maintenance toughness 
(73.411) has been moderate, and there is room for improvement. 
(2) Among the indicators, the driving (89.776) evaluation 
result is excellent, while the adaptability, redundancy, and 
recoverability are in a poor evaluation level. Redundancy 
and recoverability become shortcomings in operation and 
maintenance, reflecting the shortage of emergency resource 
reserve (for example, the weight of per capita road area B5 
is only 0.103) and accident response efficiency (the score 
of D6 indicator is low), which is different from the 12-h 
recovery time limit in the K68 section of Changsha–Zhangjiakou 
Expressway in 2024. The driving force is close to the excellent 
threshold, indicating that economic factors have a significant 
leverage effect on toughness improvement, and operation and 
maintenance management should be carried out according to local 
conditions.
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TABLE 4  Summary table of evaluation index results.

Evaluation index Stability Redundancy Adaptability Restorability Driving force Operation and 
maintenance 

toughness

Model evaluation result 45.440 46.596 50.571 54.444 89.776 73.411

Original index value 44.818 51.658 57.075 47.950 71.744 89.775

Accuracy 0.986 0.902 0.886 0.881 0.799 0.818

Evaluation grade Discrepancy Discrepancy Discrepancy Discrepancy Excellent Medium

TABLE 5  Model performance comparison parameters Note: For fivefold cross validation, the model metrics are reported as mean ± standard deviation.

Model MAE MSE MAPE R2

ELM 0.0697% ± 1.58% 0.0179% ± 1.54% 0.0391% ± 1.53% 0.812% ± 1.51%

DBO-ELM 0.00124% ± 1.24% 0.00178% ± 1.25% 0.0280% ± 1.27% 0.901% ± 1.22%

SVR 4.458% ± 1.10% 10.643% ± 1.12% 3.517% ± 1.11% 0.390% ± 1.11%

XGboost 0.032% ± 1.23% 0.002% ± 1.26% 6.637% ± 1.22% 0.365% ± 1.24%

Adaboost 2.4% ± 1.27% 14.467% ± 1.27% 3.002% ± 1.26% 0.307% ± 1.27%

5.4 Model verification and performance 
comparison

5.4.1 Introduction of the comparison model
In order to verify the validity of the model, this paper selects 

the XGBOOST model, Adaboost model, and other models for 
comparative testing. The Adaboost model trains several weak 
classifiers (such as decision stumps) iteratively and adjusts the 
sample weights according to the previous round of classification 
errors so that subsequent classifiers pay more attention to difficult 
samples and finally integrates all weak classifiers to form a strong 
classifier. The XGBOOST model is based on the improved version 
of gradient lifting tree (GBDT), which supports the regularization 
term and parallel computation by minimizing the negative gradient 
direction of loss function. 

5.4.2 Advantage and disadvantage indicators of 
the model

The goodness of fit refers to the fitting degree of the model 
algorithm to the observed values. The statistic to measure 
the goodness of fit is to determine the coefficient r, which 
belongs to the range of 0–1, and the greater the r, the better 
the degree of fit. The accuracy of the algorithm is measured 
by goodness of fit. By calculating the total sum of squares 
(SST), the regression sum of squares (SSR) and the residual 
sum of squares (SSE), the determination coefficient R2 is 
obtained, and the goodness of fit of each algorithm is calculated
(Table 5). 

5.4.3 Comparison of each model’s performance
By introducing the improved DBO, the model can optimize 

the key parameters of ELM, such as hidden layer activation 
function, number of hidden layer neurons, and regularization 
coefficient, thus further improving the efficiency and accuracy of 
operation (Figure 7). It can be seen that in practical application, 
the mean square error of the DBO-ELM model is greatly reduced 
compared with the traditional single ELM model, DBO-ELM 
improved R2 by 12.5% over ELM, showing excellent performance. 
Compared with XGboost, Adaboost, and SVR models, R2 is 
increased by 147%, 193%, and 131%, respectively. Therefore, the 
DBO-ELM model has strong evaluation adaptability and strong 
robustness.

5.5 Results and discussion

In terms of model performance, DBO-ELM has obvious 
advantages compared with traditional ELM: the MSE is reduced 
by 89.7% (from 0.0179 to 0.00178, P = 0.01∗∗), and the goodness 
of fit (R) is increased by 10.98 percentage points (from 0.802 to 
0.901), which verifies the effectiveness of the improved dung beetle 
algorithm in parameter optimization (Table 4). In the comparative 
experiment, DBO-ELM is superior to XGBoost and Adaboost 
models in MAE (0.00124), MAPE (0.0280), and other indicators 
(Table 5 and Figure 8), indicating its advantages in dealing with 
high-noise and nonlinear data.
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FIGURE 7
Comparison chart of model fitting goodness.

FIGURE 8
Model test set output.
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6 Research conclusion and 
significance

6.1 Research conclusion

In this study, the comprehensive evaluation model of WFA-
Critical-IAHP-DBO-ELM is constructed, and the operational safety 
and toughness of an accident-prone section of Chang–Zhang 
Expressway are systematically measured. 

1. Construct the measurement system of expressway system 
operation and maintenance toughness. This study combines 
the five characteristics of toughness theory and uses the WFA 
method to identify the driving factors of safety and toughness 
of expressway system operation and maintenance. At the 
same time, considering the nonlinear mapping relationship 
between system classification and toughness characteristics, an 
evaluation system of expressway traffic project operation and 
maintenance toughness is established, aiming at measuring 
the safety and toughness of the expressway system in 
operation and maintenance stage and then improving the 
on-site safety of expressway traffic project operation and
maintenance.

2. Establish the evaluation model of expressway system operation 
and maintenance toughness. In this study, the IAHP–Critical 
method is used to solve the fuzzy problem of the traditional 
interval analytic hierarchy process in calculating weights, 
which makes the evaluation results more accurate and reliable. 
The DBO-ELM is constructed for evaluation. The case analysis 
and model performance comparison prove that the DBO-
ELM model has the advantages of high robustness and fitting 
performance and is suitable for processing complex operation 
and maintenance index data.

3. Example verification. Through the evaluation of a 
practical application case of an accident-prone area in 
Changsha–Zhangjiajie Expressway, the results show that 
the evaluation of the safety and toughness of Changzhang 
Expressway in terms of channel congestion and peak passenger 
flow indicates high toughness, while others are medium 
toughness. The feasibility and effectiveness of the evaluation 
model proposed in this paper are verified. The model can 
not only effectively shorten the accident recovery time and 
avoid the occurrence of secondary disasters but also reduce 
the occurrence of safety accidents in the operation and 
maintenance site, which is of great significance to improve 
the overall safety level of the expressway system.

This paper provides an “evaluation-diagnosis-optimization” 
solution for expressway toughness improvement, which has 
portability and repeatability, provides method selection for high-
speed operation and maintenance, and provides engineering 
practice reference. 

6.2 Research conclusion

This study provides key support for the deepening of the 
resilience assessment theory of transportation infrastructure. From 
the perspective of the application expansion of resilience theory, 

existing research mostly focuses on the structural performance of 
highways or single-disaster scenarios, often ignoring the impact 
of external economic drivers and multisystem collaboration on 
resilience. This study is based on the core connotation of resilience 
theory, innovatively incorporating the dimension of “driving 
force” into the evaluation framework, forming a five-dimensional 
evaluation system together with stability, redundancy, adaptability, 
and resilience. It reveals the inherent correlation between regional 
economic development and highway operation and maintenance 
resilience. Economic investment enhances the system’s anti-
interference ability through facility updates, personnel training, 
and other paths. This dimension supplements the application of 
resilience theory in the transportation field to better fit the reality of 
economic and technological coordinated development and fills the 
theoretical gap of resilience theory in the transportation operation 
and maintenance field.

From the perspective of methodological innovation, existing 
evaluation methods suffer from subjective indicator selection, one-
sided weight determination, and weak model generalization ability. 
Traditional indicator construction relies on expert experience 
and is prone to overlooking key factors; The single weighting 
method may lean toward objective data or subjective judgments, 
making it difficult to balance the scientific and practical aspects 
of evaluation; Traditional intelligent models (such as unoptimized 
ELM and random forest) have limited accuracy in handling high 
noise and nonlinear features of operation and maintenance data 
due to insufficient parameter random initialization or local search 
capabilities. The WFA-CRITIC-IAHP-DBO-ELM combination 
method proposed in this study extracts high-frequency indicators 
from literature, news, and policies through WFA, solving the 
problem of unfounded indicator screening; by integrating IAHP 
(subjective weighting) and CRITIC (objective weighting), the 
adaptability of expert experience to operation and maintenance 
scenarios and the information value of data itself are taken into 
account, avoiding the bias of single weighting; by using the DBO to 
optimize the parameters of ELM, the problem of weak generalization 
ability caused by random parameters in traditional ELM has been 
solved. This method system not only breaks through the application 
limitations of a single method but also provides a replicable 
methodological reference for the resilience assessment of similar 
complex systems such as railways and urban rail transit.
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