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Abstract: The prevention and control of gas explosion accidents are important means to improving
the level of coal mine safety, and risk assessment has a positive effect on eliminating the risk of gas
explosions. Aiming at the shortcomings of current risk assessment methods in dynamic control, state
expression and handling uncertainty, this study proposes a method combining fault tree analysis and
fuzzy polymorphic Bayesian networks. The risk factors are divided into multiple states, the concept
of accuracy is proposed to correct the subjectivity of fuzzy theory and Bayesian networks are relied on
to calculate the risk probability and risk distribution in real time and to propose targeted prevention
and control measures. The results show that the current risk probability of a gas explosion accident in
Wangzhuang coal mine is as high as 35%, and among the risk factors, excessive ventilation resistance
and spontaneous combustion of coal are sources of induced risk, and the sensitivity value of electric
sparks is the largest, and the prevention and control of the key factors can significantly reduce the
risk. This study can provide technical support to coal mine gas explosion risk management.

Keywords: coal mine gas explosion; polymorphic Bayesian network; fault tree analysis; fuzzy theory;
risk assessment

1. Introduction

Coal is widely used in the fuel, power generation and chemical industries and remains
one of the world’s most important energy sources [1]. China is the world’s largest producer
of coal, which is also the country’s main energy supply [2]. However, with the development
of China’s mining industry, the complexity of coal mine systems is increasing, and the
probability of systemic risk events is also increasing [3]. Among all the types of coal
mine accidents in China, gas explosions are the most harmful [4]. Gas explosions have
accounted for more than 25 percent of all deaths in coal mine accidents in China since
2015 [5]. Tong et al. [6] point out that after 2017, China has encountered technical and
management bottlenecks in the field of coal mine gas explosion prevention, and the number
of accidents and fatalities is difficult to hit a new low. At present, China’s coal mining is
in a critical period of transformation to intelligent construction. In order to prevent and
control gas explosion accidents, many coal mining enterprises have taken measures such
as upgrading equipment and improving mining automation level. These measures have
played a positive role in eliminating potential risks but still cannot completely avoid coal
mine gas explosions.

Risk assessment is one of the common theoretical methods used to cope with coal mine
accidents, potential mining risk factors through risk identification, explore the key factors
causing accidents and critical accident paths and propose targeted measures toward risk
management. Methods of risk assessment and analysis can be categorized into qualitative
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and quantitative methods according to their presentation [7], and both types of methods
have achieved practical results in coal mine accident risk assessment. In terms of qualitative
methods, Bagherpour et al. [8] classified and assessed coal mine accidents in Iran from
the perspective of preventive measures based on expert experience. Kasap et al. [9] used
the hierarchical analysis method to assess the risks in the production process of surface
coal mines and explored the greatest risks among them. Domínguez et al. [10] adopted
the decision matrix method to explore the risk assessment and analysis of underground
mining in Guanajuato, Mexico. In terms of quantitative methods, Mottahedi et al. [11]
took a fault tree analysis approach to assess the risk of impact ground pressure accidents
in coal mines and explored the probability of occurrence through the minimum cut set.
Pejic et al. [12] proposed the operating condition risk assessment method for assessing
the occurrence of explosions in coal mines based on the risk index, and the probability of
risk was found through the scenario frequency, consequence and time. The advancement
of digital technology and the development of computers have enabled the emergence
of many new risk assessment methods, such as Monte Carlo simulation and machine
learning methods [6,13]. Among them, Bayesian networks are widely used to reason
about uncertain events [14], which breaks through the limitations of static assessment
and can be used to superimpose risks through inference techniques to more realistically
express the relationship between risk factors. However, Bayesian networks need accurate
parameters to carry out risk assessment, and the results derived from insufficiently accurate
parameters are worthy of questioning [15]. In addition, in most cases, risk factors are
dynamic, not black or white. Many studies simply divide risk factors into “true” and
“false” when applying Bayesian networks, so risk assessment results deviate from the
actual situation. In order to solve the problem of high parameter accuracy requirements
of Bayesian networks, Tong et al. and Zarei et al. proposed using the Delphi method to
integrate expert knowledge to calculate Bayesian network parameters, which provides a
new idea for exploring precise Bayesian network parameters but ignores the subjective
factors brought by an expert’s own knowledge background and work experience, which
affects the accuracy of the risk assessment results [16,17]. Fuzzy theory is a method used to
accurately assign values to uncertain things, and the combination of Bayesian networks
and fuzzy theory is a worthwhile tool to be applied [18], but it is also necessary to correct
the subjective influence of the evaluators involved in the judgment.

Aiming at the above problems, this study was carried out as follows: Firstly, coal mine
gas explosion accident cases in China since 2011 are organized and combined with the
existing literature; the fault tree analysis method is used to identify the risk factors of coal
mine gas explosions from the perspectives of the gas concentration exceeding limit and
the appearance of ignition sources to obtain a fault tree containing 30 bottom events and
12 intermediate events, and the fault tree mapping is transformed into a Bayesian network.
For each specific Bayesian network node, As Low As Reasonably Practicable (ALARP) is
utilized to classify the state of the node into three kinds: High, Moderate and Low, which
avoids classifying the state of the node into “true” or “false” and makes the state of the
risk factors closer to the actual situation and makes the results of the risk assessment of the
Bayesian network more diversified. Secondly, taking Wangzhuang coal mine as an example
for Bayesian network parameter learning, a more accurate trapezoidal fuzzy number of
seven levels of language variables is adopted, so that the evaluator has more space in the
process of assigning values to the judgment of each risk factor, and a method of calculating
the evaluation accuracy from four perspectives of degree, years of working, professional
relevance and judging confidence is proposed to correct the subjective influence of the
evaluator. In order to minimize the error caused by subjective factors, the case resource
advantage is also considered in the parameter determination process, and the conditional
probability is statistically calculated from numerous cases, so as to perform parameter
learning from both subjective and objective perspectives. Finally, the established Bayesian
network and the calculated parameters were imported into GeNIe software (developed
by the decision systems laboratory at University of Pittsburgh, version 2.3 of GeNle) to
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assess the risk probability of gas explosions in Wangzhuang coal mine through causal
reasoning, derive the induced paths of the gas concentration exceeding the limit and the
appearance of ignition sources through diagnostic reasoning, derive the key sensitivity
factors of gas explosions through sensitivity analysis and put forward the targeted measures
for preventing and controlling the risk of gas explosions in regard to the actual situation of
Wangzhuang coal mine. This study can provide a reference for the risk management of gas
explosions in coal mines.

2. Materials and Methods

The first step of this study was to use a fault tree to analyze coal mine gas explosion
accident cases, determine the risk factors of coal mine gas explosions and carry out the
structure learning of Bayesian networks. The second step was to learn the parameters of the
Bayesian network through fuzzy comprehensive evaluation and statistical analysis. Finally,
the risk of gas explosions in Wangzhuang coal mine was assessed by GeNIe software. The
analysis process is shown in Figure 1.
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2.1. Bayesian Network Structure Learning
2.1.1. Establishment of Fault Tree of Coal Mine Gas Explosion

The premise of risk assessment is the accurate identification of risks [19]. In the process
of specific risk identification, risks are often identified as specific risk factors [20]. When
identifying the risk factors of coal mine safety, the existing research usually divides the risk
factors into four categories, including: human factor, machine factor, environmental factor
and management factor [21]. However, this is not fully applicable to the identification of risk
factors of coal mine gas explosions [22]. On the one hand, the extraction and quantification
of management factors are usually accompanied by the evaluator’s subjective judgment,
which affects the accuracy of risk assessment results. On the other hand, human factors
overlap with management factors and machine factors, making the same risk factors repeat.
Considering the above problems, this study starts by considering the conditions causing
coal mine gas explosion accidents, that is, from the perspective of the gas concentration
exceeding the limit and the appearance of ignition sources, to identify risk factors. Because
risk factors affecting oxygen concentration are difficult to extract and quantify, oxygen was
not taken into account in this study.

Reasonable use of prior knowledge is of great significance to the structure learning of
Bayesian networks, and fault tree analysis is one of the important methods in accumulating
empirical knowledge in engineering fields. Fault tree analysis can identify and evaluate
the risk factors of the research object; it is simple and intuitive in qualitative analysis and
is an important system safety analysis method. It takes the cause-and-effect tree as the
concrete form [23]. We collected investigation reports on 82 coal mine gas explosions in
China since 2011, which resulted in more than 700 deaths. Ten coal mine gas explosion
researchers and mine ventilation practitioners were invited to conduct a detailed analysis
of the accident causes in the accident investigation report and, combined with the existing
research on the causes of coal mine gas explosions [22,24], the risk factors of coal mine gas
explosions were obtained, and the coal mine gas explosion risk fault tree was drawn, as
shown in Figure 2. The fault tree analysis method was used to identify the risk factors of
coal mine gas explosions, improve the efficiency of Bayesian network structure learning,
avoid the shortcomings of hasty classification of risk factors and give full attention to
historical experience.

Processes 2023, 11, x FOR PEER REVIEW 4 of 19 
 

 

tal factor and management factor [21]. However, this is not fully applicable to the identi-
fication of risk factors of coal mine gas explosions [22]. On the one hand, the extraction 
and quantification of management factors are usually accompanied by the evaluator’s 
subjective judgment, which affects the accuracy of risk assessment results. On the other 
hand, human factors overlap with management factors and machine factors, making the 
same risk factors repeat. Considering the above problems, this study starts by considering 
the conditions causing coal mine gas explosion accidents, that is, from the perspective of 
the gas concentration exceeding the limit and the appearance of ignition sources, to iden-
tify risk factors. Because risk factors affecting oxygen concentration are difficult to extract 
and quantify, oxygen was not taken into account in this study. 

Reasonable use of prior knowledge is of great significance to the structure learning 
of Bayesian networks, and fault tree analysis is one of the important methods in accumu-
lating empirical knowledge in engineering fields. Fault tree analysis can identify and eval-
uate the risk factors of the research object; it is simple and intuitive in qualitative analysis 
and is an important system safety analysis method. It takes the cause-and-effect tree as 
the concrete form [23]. We collected investigation reports on 82 coal mine gas explosions 
in China since 2011, which resulted in more than 700 deaths. Ten coal mine gas explosion 
researchers and mine ventilation practitioners were invited to conduct a detailed analysis 
of the accident causes in the accident investigation report and, combined with the existing 
research on the causes of coal mine gas explosions [22,24], the risk factors of coal mine gas 
explosions were obtained, and the coal mine gas explosion risk fault tree was drawn, as 
shown in Figure 2. The fault tree analysis method was used to identify the risk factors of 
coal mine gas explosions, improve the efficiency of Bayesian network structure learning, 
avoid the shortcomings of hasty classification of risk factors and give full attention to his-
torical experience. 

·
Coal mine gas explosion

Gas limitation

+

Ignition source

+

A1 A3A2

B13

A10 A11 A12

+

oxygen

A4 A5 A6

+ +

A7 A8 A9

+

B1 B2 B3 B4 B5 B6

+

B22 B25 B26

+

A13 A14 B27 B28 B29 B30

+

+

B7 B8 B9 B10 B11 B12

+ + +

B14 B15 B16

+

B17 B18 B19

+

B20 B23B21 B24

+

 
Figure 2. Coal mine gas explosion risk fault tree. 

In the coal mine gas explosion risk fault tree, 30 bottom events such as fan failure are 
represented as 𝐵 , 𝐵  ,…, 𝐵 , representing 14 intermediate events such as abnormal fan 
operation represented as 𝐴 , 𝐴 ,…, 𝐴 . The risk factors are summarized in Table 1. 

  

Figure 2. Coal mine gas explosion risk fault tree.

In the coal mine gas explosion risk fault tree, 30 bottom events such as fan failure are
represented as B1, B2 ,. . ., B30, representing 14 intermediate events such as abnormal fan
operation represented as A1, A2,. . ., A14. The risk factors are summarized in Table 1.
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Table 1. Coal mine gas explosion risk factors.

Intermediate Event Bottom Event

The gas
concentration

exceeds the limit

Poor ventilation and wind
supply in the mine (A1)

The ventilator works
abnormally (A4)

The ventilator is faulty (B1)

The ventilator is turned on and off arbitrarily
(B2)

Power failure (B3)

The mine ventilation
system is unreasonable

(A5)

The ventilation system has series ventilation
(B4)

The inlet and return air lanes of the ventilation
system are shared (B5)

Excessive ventilation resistance (B6)

Coal mine air duct failure
(A6)

The air ducts in the coal mine are out of
alignment (B7)

There is air leakage in the air ducts of the coal
mine (B8)

The length of the air ducts is too long (B9)

Gas detection and
monitoring failure (A2)

Incorrect gas monitoring
(A7)

The gas was not tested on time (B10)

The gas test results were falsified (B11)

The equipment used to detect the gas was
faulty (B12)

The gas was not pumped as required (B13)

Gas accumulation (A3)

Gas buildup in specific
areas (A8)

Accumulation of gas in the roof collapse area
(B14)

Accumulation of gas: blind alley (B15)

Accumulation of gas: upper corner (B16)

Gas outpouring (A9)

Geological change (B17)

Barometric change (B18)

Roof collapse occurred in mined - out area of
coal mine (B19)

Appearance of
ignition source

Flame (A10)

Spontaneous combustion
(A13)

Spontaneous combustion of coal (B20)

Spontaneous combustion of polymer materials
(B21)

Gas welding in the mine (B22)

Blasting creates a source of
fire (A14)

Illegal blasting (B23)

The blasting equipment is not up to standard
(B24)

Electric spark (A11)

The device out of explosion (B25)

Electrical failure (B26)

Static electricity (B27)

Friction fires and collision sparks (A12)

Friction and collision between metals (B28)

Friction and collision between rocks (B29)

Friction and collision between metals and
rocks (B30)

2.1.2. Polymorphism Classification of Risk Factors Based on ALARP

As Low As Reasonably Practicable (ALARP) is a method used to divide research
objects into different intervals by dividing acceptability and tolerance thresholds; it has



Processes 2023, 11, 2619 6 of 19

been widely used in medicine and investment fields [25,26]. Referring to ALARP’s thought
process, this study set “Unacceptable level of risk” and “Negligible level of risk” for the risk
factors of coal mine gas explosions and divided the risk factors into three states of “High”,
“Moderate” and “Low”. The three states indicate “The risk is too high and measures must
be taken immediately” and “The risk is acceptable but it is better to take measures to deal
with it” and “The risk is negligible”. As shown in Figure 3.
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Compared with the way of dividing risk factors into “true” and “false” in existing
studies, this study divides risk factors into three states to create more judgment space and
make the description of risk factors more accurate.

2.1.3. Determination of Bayesian Network Structure

Since the coal mine gas explosion fault tree is determined by the logical relationship
between various risk factors, the Bayesian network structure of coal mine gas explosions
should also be established by the same logical relationship. Therefore, the structure and
events of the coal mine gas explosion fault tree are mapped to the structure and nodes of
the Bayesian network of coal mine gas explosions. The bottom events of the coal mine gas
explosion fault tree are mapped as the root nodes of the Bayesian network of coal mine
gas explosions, the intermediate events are mapped as the intermediate nodes and the top
event is mapped as the final target node, and the structure of the Bayesian network of coal
mine gas explosions is determined, as shown in Figure 4.
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2.2. Bayesian Network Parameter Learning

This study takes Wangzhuang coal mine as an example to assess the risk of gas
explosions. Wangzhuang coal mine is a key state-owned coal mine located in Shanxi
Province, China. The well field covers an area of 79.6806 km2 and has an annual production
capacity of 7.1 million tons. The mine development mode is vertical shaft and inclined
shaft mixed development, the mining object is the 3# coal seam and there are 4 return air
shafts and 7 air inlet shafts, forming a relatively perfect mine ventilation system. In order to
ensure the safety of production, Wangzhuang coal mine has arranged a number of methane
detection devices and wind speed detection equipment in the mine and established a
ventilation management information system. However, Wangzhuang coal mine is a high-
gas mine, coal dust is explosive and coal seams’ spontaneous combustion tendency is
toward spontaneous combustion, so Wangzhuang coal mine has the basic conditions for
coal mine gas explosions; thus, it is necessary to carry out risk assessment.

2.2.1. The Prior Probability Determination of Root Nodes Based on Fuzzy Theory

Fuzzy theory is a method of using fuzzy numbers to represent uncertain values and
calculating uncertain values through membership functions. This theory was first proposed
by Zadeh [27]. At present, most applications of fuzzy theory are applied using the triangular
fuzzy theory with 5 levels of language variables. Considering that the great harm of coal
mine gas explosions needs accurate assessment and that the judgment ability of experts
is usually within 5–9 intervals [28], this study adopts the trapezoidal fuzzy theory with
7 levels of language variables, which is more accurate.

Assume that a, b, c and d are four values in the trapezoidal fuzzy number interval,

then the trapezoidal fuzzy number is
∼
C = (a, b, c, d), and its membership function µ

∼
C(x) is

shown in Equation (1) and Figure 5.

µ
∼
C(x) =


0 x < a

x−a
b−a a ≤ x < b
1 b ≤ x < c

x−d
c−d c ≤ x < d
0 x ≥ d

(1)
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In order to make the calculation process more concise and intuitive, the abbreviated
form of each language variable is proposed, and the seven levels of language variables and
their abbreviations and fuzzy intervals are organized as shown in Table 2.

Table 2. Language variables and fuzzy intervals.

Linguistic Variable Short for Language Variable
Fuzzy Interval

a b c d

Very high VH 0.8 0.9 1 1
High H 0.7 0.8 0.8 0.9

Relatively high RH 0.5 0.6 0.7 0.8
Moderate M 0.4 0.5 0.5 0.6

Relatively low RL 0.2 0.3 0.4 0.5
Low L 0.1 0.2 0.2 0.3

Very low VL 0 0 0.1 0.2

When assessing the risk of coal mine gas explosions in Wangzhuang coal mine, the
parameters of each root node of the Bayesian network should be determined first. Ten ex-
perts were invited as evaluators to judge the parameters of each root node according to the
trapezoidal fuzzy number of the 7 levels of language variables. All 10 evaluators were from
Wangzhuang coal mine or researchers related to coal mine gas explosions. The evaluation
process was as follows: 10 evaluators conducted field research on Wangzhuang coal mine,
combined with relevant data of Wangzhuang coal mine, and judged the three states of
“High”, “Moderate” and “Low” of the risk factors represented by 30 root nodes according
to the 7 levels of language variables after mastering the situation of Wangzhuang coal mine.
Due to the different knowledge background, professional experience and working time of
each evaluator, the accuracy of each evaluator’s judgment was different. Therefore, in order
to correct the judgment accuracy, the calculation method of the evaluator’s judgment accu-
racy was proposed considering four perspectives: degree, years of working, professional
relevance and judging confidence, as shown in Table 3.

Table 3. The accuracy of the evaluators’ judgment.

Degree Years of
Working

Professional
Relevance Judging Confidence Score

Doctorate >30 Very high Very high 0.250
Master 15~30 High High 0.225

Baccalaureate 5~15 Relatively high Relatively high 0.200
Else <5 Moderate Moderate 0.175

The accuracy of an evaluator’s judgment can be obtained by summing the scores of
the evaluator’s degree, years of working, professional relevance and judging confidence.
Assuming that De

′ is the judgment accuracy of the e-th evaluator, the judgment accuracy
of 10 evaluators is calculated successively and normalized. The calculation formula is
as follows:

De =
De
′

∑10
1 De

′ (2)

According to Equation (2), the judgment accuracy of 10 evaluators is calculated suc-
cessively, as shown in Table 4.



Processes 2023, 11, 2619 9 of 19

Table 4. The evaluator evaluates accuracy.

Degree Years of
Working

Professional
Relevance

Judging
Confidence De

Doctorate 41 Very high Very high 0.111
Doctorate 37 Very high High 0.109
Doctorate 4 Relatively high Very high 0.097

Master 9 Moderate Very high 0.095
Master 3 Moderate High 0.089

Baccalaureate 14 Relatively high Very high 0.095
Master 13 High Very high 0.100

Baccalaureate 11 Relatively high Very high 0.095
Doctorate 12 High High 0.106
Doctorate 9 High Very high 0.103

We assumed that the e-th evaluator judges the j state of the risk factor represented by
the i root node and judges that the a value corresponding to the given language variable
is a′eij(i ≤ 30, j ≤ 3). After all evaluators had made judgments, the calculation formula for
the value of a judged by all evaluators was implemented as follows:

aij =
10
∑

e=1
De a′eij (3)

In a similar fashion, bij, cij and dij can be calculated. At this time, the gravity center
method is adopted to de-fuzzify the fuzzy interval values [28], and the calculation formula
is as follows:

F′ij =

(
cij + dij

)2 − cij dij −
(
aij + bij

)2
+ aij bij

3
(
cij + dij − aij − bij

) (4)

F′ij represents the defuzzification value of the prior probability of the j state of the i
root node. Each root node has a total of 3 states: High, Moderate and Low, but the sum of
the defuzzification values of the probability values of the 3 states is usually not 1. In order
to satisfy the requirement that the sum of state probabilities of the Bayesian network is 1,
we normalized F′ij with reference to Formula (2) and calculated the prior probability of the
j state of the i root node as Fij.

2.2.2. Determination of Intermediate Node Conditional Probability

In Bayesian networks, the conditional probability of intermediate nodes is more
complex than the prior probability of root nodes. This study uses the subjective method
of evaluator judgment and the objective method of case statistics to determine the prior
probability of intermediate nodes. The occurrence of accidents is a random event with
complex coupled causes, but there are still statistical characteristics to follow, which can
provide reference for risk assessment and prevention [24]. Regulatory norms and the
development of the Internet enable a large number of coal mine gas explosion accident cases
to be saved. Statistical analysis of a large number of coal mine gas explosion cases can obtain
the statistical characteristics of risk factors and provide objective data support. Therefore,
in terms of determining the conditional probability of intermediate nodes in Bayesian
networks, based on the evaluators’ subjective fuzzy evaluation, we further consider the
objective data and comprehensively determine the conditional probability of intermediate
nodes from both subjective and objective perspectives.

B23, B24 and A14 nodes were selected from the Bayesian network, and the three nodes
were taken as examples to explain the process of determining the conditional probability of
intermediate nodes combining subjective and objective perspectives. B23 and B24 are the
root nodes of the Bayesian network and the parent nodes of A14. A14 is the middle node of
the Bayesian network, and only B23 and B24 are parent nodes. The three nodes are shown
in Figure 6.
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Each node has three states: High, Moderate and Low. According to the statistics of
82 coal mine gas explosion accidents, the occurrence frequency of A14 states under the
combination of B23 and B24 states is shown in Table 5.

Table 5. A14 frequency statistics table.

Parent
Node

B23 High Moderate Low

B24 High Moderate Low High Moderate Low High Moderate Low

Child High 11 5 2 2 0 1 4 0 0
node Moderate 1 1 1 1 6 2 2 2 1
A14 Low 0 0 1 2 5 6 0 9 17

For each combination of the two parent nodes of A14, the probability sum of the three
states of A14 is 1.

(2) Combination of subjective and objective assignment

According to the above method of determining the root node according to the lad-
der fuzzy theory of the 7 levels of language variables, the conditional probability of the
intermediate node A14 is determined, which is a subjective assignment. Therefore, the
conditional probability based on the subjective judgment of 10 evaluators based on the
actual situation of Wangzhuang coal mine and the conditional probability based on the
objective statistics of a large number of coal mine gas explosion accidents can be obtained.
In order to comprehensively consider subjective opinions and objective data, according to
the suggestions of 10 evaluators, the conditional probability obtained from subjective eval-
uation and the conditional probability obtained from objective data statistics are both given
a weight of 50%; the conditional probability of the intermediate nodes is then obtained
through weighted calculation, as shown in Table 6.

Table 6. A14 table of subjective and objective conditional probabilities.

Parent Node Child Node A14

B23 B24
High Moderate Low

Subjective Objective Subjective Objective Subjective Objective

High
High 0.856 0.917 0.072 0.083 0.072 0

Moderate 0.768 0.833 0.167 0.167 0.065 0
Low 0.768 0.500 0.167 0.250 0.065 0.250

Moderate
High 0.615 0.400 0.333 0.200 0.052 0.400

Moderate 0.581 0 0.363 0.545 0.056 0.455
Low 0.303 0.111 0.394 0.222 0.303 0.667

Low
High 0.593 0.667 0.259 0.333 0.148 0

Moderate 0.303 0 0.394 0.182 0.303 0.818
Low 0.212 0 0.394 0.056 0.394 0.944
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2.3. Construction and Analysis of Polymorphic Bayesian Networks

Bayesian networks represent a common method used to analyze coal mine risk ac-
cidents and can build directed acyclic graphs and analyze and predict research objects
according to the quantitative relationship between nodes [5]. In a polymorphic Bayesian
network, each node has three states, the node represents the variable and the arc represents
the relationship between the nodes [7]. Assuming that the variables of a polymorphic
Bayesian network are G = (g1, g2, . . . , gn) and that Ph(gi) is the set of parent nodes of
variable gi, then the joint probability distribution P(G) of G can be expressed as:

P(G) = ∏n
i=1 P(gi|Ph(gi)) (5)

When the evidence is updated to E, the posterior probability P(G|E) of the variable is:

P(K|F) = P(G,E)
∑G P(G,E) (6)

(1) Causal reasoning

Causal reasoning is the use of Bayesian network forward reasoning technology to
calculate the probability of each risk state of a research object, to achieve the purpose of risk
assessment with probability. Assuming that the risk occurrence probability of the research
object is P(K), Kl is the l risk state of the research object node (l ≤ 3), Om is the m root
node of the research object node (m ≤ 30), oq is the q risk state of the root node (q ≤ 3) and
P
(
Om = oq

)
is the joint probability of the root node, P

(
K = Kl

∣∣Om = oq
)

is the conditional
probability table of the forward conduction of the object node; thus, the causal reasoning
formula is as follows:

P(K = Kl) = P
(
Om = oq

)
P
(
K = Kl

∣∣Om = oq
)

(7)

(2) Diagnostic reasoning

Based on the established multistate Bayesian network, the probability of each state of
other nodes can be deduced when the object node of the study is in a specified state, and
the induced path of the result can be determined according to the probability, providing
a basis for risk prevention and control. We assumed Kl as the l risk state of the research
object node (l ≤ 3) and set the probability of P(K = Kl) as 100%. The posterior probability
calculation formula of the m root node of the research object node obtained by diagnostic
reasoning is as follows:

P
(
Om = oq

∣∣K = Kl
)
=

P(Om = oq)P(K = Kl |Om = oq)
P(K = Kl)

(8)

(3) Sensitivity analysis

Sensitivity analysis can explore the sensitivity value of nodes, and the higher the
sensitivity value of nodes, the more significant the impact on the inference result, which is
an important basis for risk prevention and control. Assuming that H(Om) is the sensitivity
value of the m root node (m ≤ 30) to the object node of the study, the calculation formula
of H(Om) is as follows:

H(Om) =
max{P(K = Kl |Om = oq)}−min{P(K = Kl |Om = oq)}

2P(K = Kl)
(9)

3. Results
3.1. Bayesian Network Parameters

(1) Prior probability of root node

Ten evaluators conducted field research in Wangzhuang coal mine. After fully grasping
the situation of Wangzhuang coal mine, they judged the risk factors according to the
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trapezoidal fuzzy theory of seven levels of language variables and calculated the prior
probabilities of each root node of the Bayesian network, as shown in Table 7.

Table 7. The prior probabilities of the root nodes.

Root Nodes
State and Probability

High Moderate Low

B1 (0.010,0.021,0.110,0.210) 0.075 (0.110,0.210,0.219,0.319) 0.176 (0.791,0.891,0.981,0.991) 0.749
B2 (0.078,0.157,0.178,0.278) 0.137 (0.129,0.229,0.257,0.357) 0.190 (0.750,0.850,0.899,0.950) 0.673
B3 (0.020,0.040,0.120,0.220) 0.084 (0.110,0.200,0.229,0.329) 0.179 (0.781,0.881,0.962,0.981) 0.737
B4 (0.208,0.308,0.390,0.490) 0.287 (0.374,0.474,0.502,0.602) 0.401 (0.238,0.338,0.419,0.519) 0.312
B5 (0.189,0.289,0.352,0.452) 0.281 (0.280,0.380,0.440,0.540) 0.360 (0.280,0.380,0.440,0.540) 0.359
B6 (0.384,0.484,0.524,0.624) 0.381 (0.330,0.430,0.480,0.580) 0.343 (0.221,0.321,0.410,0.510) 0.276
B7 (0.208,0.308,0.390,0.490) 0.284 (0.280,0.380,0.440,0.540) 0.334 (0.360,0.460,0.480,0580) 0.382
B8 (0.208,0.308,0.390,0.490) 0.247 (0.280,0.380,0.440,0.540) 0.290 (0.510,0.610,0.690,0.793) 0.462
B9 (0.131,0.231,0.262,0.362) 0.184 (0.241,0.341,0.420,0.520) 0.284 (0.590,0.690,0.730,0.833) 0.532
B10 (0.133,0.214,0.284,0.384) 0.164 (0.442,0.542,0.584,0.684) 0.362 (0.620,0.720,0.760,0.859) 0.475
B11 (0.082,0.132,0.213,0.313) 0.116 (0.491,0.591,0.650,0.750) 0.383 (0.710,0.810,0.819,0.910) 0.501
B12 (0.050,0.101,0.150,0.250) 0.095 (0.533,0.633,0.702,0.802) 0.452 (0.530,0.630,0.700,0.803) 0.452
B13 (0.082,0.132,0.213,0.313) 0.110 (0.592,0.692,0.732,0.832) 0.420 (0.692,0.792,0.811,0.901) 0.470
B14 (0.620,0.720,0.760,0.860) 0.347 (0.663,0.763,0.781,0.881) 0.362 (0.491,0.591,0.649,0.749) 0.291
B15 (0.659,0.759,0.779,0.879) 0.364 (0.630,0.730,0.748,0.848) 0.350 (0.469,0.569,0.639,0.739) 0.286
B16 (0.470,0.570,0.641,0.741) 0.299 (0.682,0.782,0.791,0.891) 0.388 (0.491,0.591,0.681,0.781) 0.314
B17 (0.061,0.121,0.161,0.261) 0.109 (0.435,0.535,0.603,0.703) 0.406 (0.538,0.638,0.719,0.819) 0.485
B18 (0.110,0.210,0.219,0.319) 0.181 (0.202,0.302,0.371,0.471) 0.284 (0.491,0.591,0.681,0.781) 0.536
B19 (0.020,0.039,0.120,0.220) 0.081 (0.261,0.361,0.430,0.530) 0.312 (0.662,0.762,0.781,0.881) 0.608
B20 (0.400,0.500,0.529,0.629) 0.397 (0.459,0.559,0.619,0.719) 0.455 (0.090,0.170,0.199,0.299) 0.148
B21 (0.000,0.000,0.100,0.200) 0.065 (0.130,0.230,0.260,0.360) 0.205 (0.759,0.859,0.918,0.959) 0.730
B22 (0.069,0.129,0.179,0.279) 0.142 (0.118,0.187,0.267,0.367) 0.202 (0.651,0.751,0.791,0.881) 0.656
B23 (0.110,0.200,0.230,0.330) 0.183 (0.099,0.168,0.228,0.328) 0.174 (0.651,0.751,0.790,0.881) 0.644
B24 (0.009,0.018,0.109,0.209) 0.075 (0.120,0.220,0.239,0.339) 0.193 (0.759,0.859,0.918,0.959) 0.733
B25 (0.000,0.000,0.100,0.200) 0.070 (0.040,0.080,0.140,0.240) 0.115 (0.789,0.889,0.978,0.989) 0.816
B26 (0.049,0.098,0.149,0.249) 0.114 (0.118,0.198,0.257,0.357) 0.192 (0.740,0.840,0.879,0.940) 0.695
B27 (0.068,0.127,0.178,0.278) 0.135 (0.137,0.226,0.286,0.386) 0.213 (0.687,0.787,0.807,0.898) 0.652
B28 (0.249,0.349,0.410,0.510) 0.278 (0.414,0.514,0.556,0.656) 0.391 (0.340,0.439,0.468,0.568) 0.332
B29 (0.191,0.291,0.381,0.481) 0.233 (0.349,0.449,0.491,0.591) 0.326 (0.500,0.600,0.669,0.769) 0.441
B30 (0.310,0.410,0.441,0.541) 0.308 (0.442,0.542,0.584,0.684) 0.407 (0.290,0.390,0.400,0.500) 0.286

As can be seen from Table 7, the risk of spontaneous combustion of coal is the highest,
the probability of the High risk state is 39.7% and the probability of the Low risk state is
only 14.8%. In addition, excessive ventilation resistance, accumulation of gas in the roof
collapse area, accumulation of gas in the blind alley and friction and collision between
metals and rocks also have greater risks.

(2) Conditional probability of intermediate nodes

According to the survey results in Wangzhuang coal mine, 10 evaluators gave subjec-
tive judgment on the conditional probability of the intermediate nodes and calculated the
conditional probability of the intermediate node in the subjective dimension according to
the ladder fuzzy theory of seven levels of language variables. The occurrence frequency of
each risk factor in 82 coal mine gas explosion accidents was counted, and the conditional
probability of each intermediate node was calculated in turn to obtain the conditional
probability of the intermediate node from an objective perspective. The subjective and
objective conditional probabilities of intermediate nodes are both given a weight of 50% and
the conditional probabilities of intermediate nodes are calculated by weighting. Limited by
space, Table 8 shows the conditional probability table of the intermediate node A14.
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Table 8. The conditional probability of node A14.

Parent
Node

B23 High Moderate Low

B24 High Moderate Low High Moderate Low High Moderate Low

Child High 0.768 0.683 0.485 0.692 0.394 0.233 0.483 0.213 0.042
node Moderate 0.167 0.259 0.303 0.243 0.398 0.513 0.301 0.533 0.257
A14 Low 0.065 0.058 0.212 0.065 0.208 0.254 0.216 0.254 0.701

3.2. Causal Reasoning

GeNle software developed by the Decision Systems Laboratory of the University of
Pittsburgh is used for Bayesian network reasoning [29]. The polymorphic Bayesian network
structure of coal mine gas explosions is imported into GeNle software, and the Bayesian
network parameters obtained according to the actual situation of Wangzhuang coal mine
and a large number of accident cases are imported into GeNle software. After causal
reasoning, the Bayesian network diagram of Wangzhuang coal mine gas explosion risk is
obtained, as shown in Figure 7.
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As can be seen from Figure 7, the probability of coal mine gas explosions in Wangzhuang
coal mine is as high as 35%. The probability of the gas concentration exceeding the limit
is as high as 48%, and the probability of the gas concentration exceeding the limit being
negligible is only 26%. The probability of the appearance of ignition sources is as high as
52%, and the probability of the appearance of ignition sources being negligible is only 27%.
Therefore, it is necessary to continue to explore the induced path and key sensitive factors
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of gas explosion risk in Wangzhuang coal mine, so as to provide a basis for the prevention
and control of gas explosion risk.

3.3. Diagnostic Reasoning

In GeNle software, the High state of probability of two nodes of the gas concentration
exceeding the limit and the appearance of ignition sources is set to 100%, and diagnostic
inference is carried out. After sorting out the diagnostic reasoning results, the maximum
induced path corresponding to each intermediate node is shown in Table 9.

Table 9. Summary of main induced paths of gas explosion in Wangzhuang Coal mine.

Main Induced Paths

The gas concentration exceeds the
limit

B6 (39%) → A5 (50%) → A1 (61%)→ The gas concentration exceeds the limit (100%)
B2 (14%) → A4 (24%) → A1 (61%)→ The gas concentration exceeds the limit (100%)
B7 (29%) → A6 (42%) → A1 (61%)→ The gas concentration exceeds the limit (100%)
B10 (17%) → A7 (34%) → A2 (25%)→ The gas concentration exceeds the limit (100%)

B13 (12%) → A2 (25%)→ The gas concentration exceeds the limit (100%)
B15 (37%) → A8 (51%) → A3 (37%)→ The gas concentration exceeds the limit (100%)
B18 (19%) → A9 (32%) → A3 (37%)→ The gas concentration exceeds the limit (100%)

Appearance of ignition source

B20 (41%) → A13 (21%) → A10 (53%)→ Appearance of ignition source (100%)
B22 (16%) → A10 (45%)→ Appearance of ignition source (100%)

B23 (19%) → A14 (13%) → A10 (45%)→ Appearance of ignition source (100%)
B27 (16%) → A11 (34%)→ Appearance of ignition source (100%)
B30 (34%) → A12 (51%)→ Appearance of ignition source (100%)

At present, the main path leading to the gas concentration exceeding the limit in
Wangzhuang coal mine is as follows: excessive ventilation resistance (39%)→ the mine
ventilation system is unreasonable (50%)→ poor ventilation and wind supply in the mine
(61%)→ the gas concentration exceeds the limit (100%). Wangzhuang coal mine began
planning and construction in the 1970s and has been in production for more than 50 years.
Some old roadways are deformed, so the air volume is more concentrated, resulting in
greater resistance in the return air section of the ventilation system, which is not conducive
to the ventilation and wind supply of the mine. After more than 50 years of development,
the mine field area of Wangzhuang coal mine has reached more than 70 square kilometers,
and the development scope is large, which aggravates the problem of excessive ventilation
resistance. At present, the main path of the appearance of ignition sources in Wangzhuang
Coal mine is as follows: spontaneous combustion of coal (41%)→ spontaneous combustion
(21%) → flame (49%) → the appearance of ignition source (100%). The spontaneous
combustion tendency of the coal seam in Wangzhuang coal mine is toward spontaneous
combustion, and the ignition source caused by the spontaneous combustion of coal provides
the basic conditions for coal mine gas explosions.

3.4. Sensitivity Analysis

In GeNle software, the node representing the gas concentration exceeding the limit
and the node representing the appearance of ignition sources of the multistate Bayesian
network of coal mine gas explosions are set as target nodes successively, and the sensitivity
values of related nodes are deduced, as shown in Figure 8.

Among the 30 root nodes, B1, B2,. . ., B19 represent the gas concentration exceeding the
limit and B20, B21,. . ., B30 represent the risk factors of the appearance of ignition sources.
Among the 12 intermediate nodes, A1, A2,. . ., A9 represent the risk factors of the gas
concentration exceeding the limit and A10, A11 and A12 represent the risk factors of the
appearance of ignition sources. As can be seen from Figure 8, when the gas concentration
exceeding the limit is the target node, the sensitivity values of nodes such as excessive
ventilation resistance, the gas not being pumped as required and gas accumulation are
high. When the appearance of ignition sources is the target node, the sensitivity values
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of electrical failure, the device out of explosion and electric spark are higher. From an
overall point of view, the sensitivity values of risk factors causing the appearance of ignition
sources are higher than that of risk factors causing the gas concentration exceeding the limit.
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Figure 8. Distribution of sensitivity values for risk factors.

3.5. Risk Prevention and Control

Control of key risk factors, including excessive ventilation resistance and spontaneous
combustion of coal obtained by diagnostic reasoning, as well as excessive ventilation
resistance, the gas not being pumped as required, electrical failure and the device out of
explosion, is obtained by sensitivity analysis. The High state of risk probability of the above
four key risk factors is reduced by 50%. In addition, the High state of risk probability of the
remaining root nodes is reduced by 20% to achieve the simulation of proper control of each
risk factor. Performing causal reasoning is shown in Figure 9.

As can be seen in Figure 9, the probability of the gas concentration exceeding the limit
decreases from 48% to 41%, a decrease of 14.6%, after targeted risk control is carried out
based on the risk assessment results. The probability of the appearance of ignition sources
decreased from 52% to 42%, a reduction of 19.2%. The probability of a gas explosion in the
Wangzhuang coal mine decreased from 35% to 27%, a decrease of 22.9%.

It can be seen that Wangzhuang coal mine has carried out targeted prevention and
control of key induced paths and highly sensitive nodes derived from the Bayesian network,
so as to reduce the risk of gas explosions. In actual production, Wangzhuang coal mine
can reduce the ventilation resistance by reducing the accumulation of materials in the mine
roadway, repairing the roadway to improve the roadway to avoid smoothness and other
measures. After more than 50 years of development, Wangzhuang coal mine has created a
number of abandoned roadways, which can be reused for parallel ventilation, which can
not only reduce the economic investment but can also reduce the ventilation resistance
and prevent gas from accumulating in the abandoned roadways, reducing the risk of gas
explosions [30]. To address the problem of spontaneous coal combustion, Wangzhuang coal
mine can take measures from the perspective of endogenous fires, including strict adherence
to the mining sequence, reducing the fragmentation of the coal body, hanging curtains
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along the empty roadways and utilizing malleable mastic to plug air leaks. Preventive
grouting and retardant fire prevention methods can also be adopted to reduce the impact
of spontaneous coal combustion on gas explosions [31]. In addition, there is a risk of
electrical failure and equipment failure in Wangzhuang coal mine, which should be strictly
controlled through the procurement of equipment and other aspects and enhancement of
daily maintenance and management of electrical equipment.
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4. Discussion

In the past, when Bayesian networks were used for risk prediction and assessment,
after establishing Bayesian network nodes, the state of each node was often divided into
“true” and “false”, and the parameters of root nodes and intermediate nodes (if there
were intermediate nodes) were determined in the same way. This research method not
only ignores the polymorphism of risk factors represented by nodes but also ignores the
characteristics of different contributions of root nodes and intermediate nodes to inference
results. This paper presents a probabilistic method to evaluate the risk of coal mine gas
explosions and takes Wangzhuang coal mine as an example to verify it. After establishing
the risk factors and Bayesian network structure by fault tree analysis, the ALARP criterion
is used to express the polymorphism of risk factors, that is, the risk is not only present
or non-existent, but it is completely possible that the risk exists but has no impact. In
addition, based on numerous accident cases and the judgment of several experts, this study
determined node parameters from both subjective and objective perspectives, which not
only made full use of case resources and respected the objective facts of the past but also
made full use of expert experience and respected the actual situation of Wangzhuang coal
mine to ensure the accuracy of risk assessment.
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However, there are still some limitations in this study. First, in order to ensure the
timeliness of the case, this study only collected information from 82 coal mine gas explosion
accidents since 2011. From the perspective of statistical testing, the number of samples
still has room to increase. The samples in this study are all from China, which has started
large-scale intelligent coal mine construction, so the samples include both traditional coal
mines and intelligent coal mines, which reduces the accuracy of the samples. In addition,
China has long realized mechanized mining of coal mines, which makes the technical
level of coal mines included in the samples inconsistent with those in some less developed
areas, reducing the applicability of the method. Second, although this study proposed
the method of considering evaluators’ judgment accuracy to correct the judgment results
when experts make judgments based on experience, the subjectivity of expert judgment
cannot be completely avoided. Third, the results of this study have the characteristics
of timeliness. With the development of intelligent construction in coal mines, the risk
factors affecting coal mine gas explosions are bound to change, so the risk factor system
obtained by fault tree analysis in this study will change accordingly. In the follow-up study,
we will look at the world, collect accident cases from coal mines around the world and
classify the cases according to the technical level of coal mines, in order to improve the
universality of the study. In addition, we will explore other better ways to reduce the
subjective influence of evaluators and interview front-line miners, especially those who
have experienced accidents, to ask them how to reduce the risk of accidents, which will
improve the accuracy of the research.

5. Conclusions

This paper presents a method of gas explosion risk assessment based on fault tree
analysis and fuzzy polymorphic Bayesian networks. Firstly, fault tree analysis was used
to identify the risk factors of coal mine gas explosions, and a Bayesian network structure
was determined according to the causal logic relationship, and risk factors were divided
into High, Moderate and Low through the ALARP criterion, so that the Bayesian network
was more in line with the actual situation. Second, Bayesian network nodes were divided
into root nodes and intermediate nodes. For the determination of the prior probability of
root nodes, the trapezoidal fuzzy theory of seven levels of language variables was adopted,
which is more rigorous than the triangular fuzzy theory. Ten experts were invited to conduct
field research on Wangzhuang coal mine, and their subjective influence was corrected from
the perspective of their degrees and work experience. For the conditional probability of
intermediate nodes, in addition to the method of subjective determination of conditional
probability by fuzzy theory, the conditional probability of each intermediate factor in 82 gas
explosion accidents was counted, and the limitation of determining conditional probability
by a single method was avoided through the subjective and objective assignment method.
Finally, risk assessment was carried out through our Bayesian network. According to causal
reasoning, the probability of gas explosions in Wangzhuang coal mine is 35%. According to
the diagnostic reasoning, the main induced path of the gas concentration exceeding the limit
is as follows: excessive ventilation resistance→ the mine ventilation system is unreasonable
→ poor ventilation and wind supply in the mine→ the gas concentration exceeds the limit.
The main induced path of the appearance of ignition sources is as follows: spontaneous
combustion of coal → spontaneous combustion → flame → the appearance of ignition
source. The sensitivity analysis yields high sensitivity values for nodes such as excessive
ventilation resistance, the gas not being pumped as required, gas accumulation, electrical
failure, the device out of explosion and electrical sparks. According to the prevention and
control of the above nodes and paths, the risks of the gas concentration exceeding the
limit, the appearance of ignition sources and gas explosions are reduced by 14.6%, 19.2%
and 22.9%, respectively, indicating that gas explosions in Wangzhuang coal mine can be
prevented and controlled using the results of this study.

From the theoretical point of view, this study divides the node states by the ALARP
criterion, expands the node states of Bayesian networks, builds a polymorphic Bayesian
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network, explores a new method of Bayesian network application and broadens the new
idea of risk assessment from the perspective of probability. From the perspective of prac-
tical application, this study combines the actual situation of Wangzhuang coal mine and
expert experience to build a polymorphic Bayesian network to evaluate Wangzhuang coal
mine, obtain the probability of gas explosions, deduce the key nodes and main induced
path of accidents and propose targeted control measures, which has important reference
significance for the mine safety management of Wangzhuang coal mine.
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9. Kasap, Y.; Subaşı, E. Risk assessment of occupational groups working in open pit mining: Analytic Hierarchy Process. J. Sust.

Min. 2017, 16, 38–46.
10. Domínguez, C.R.; Martínez, I.V.; Peña, P.M.P.; Ochoa, A.R. Analysis and evaluation of risks in underground mining using the

decision matrix risk-assessment (DMRA) technique, in Guanajuato, Mexico. J. Sust. Min. 2019, 18, 52–59.
11. Mottahedi, A.; Ataei, M. Fuzzy fault tree analysis for coal burst occurrence probability in underground coal mining. Tunn.

Undergr. Space Technol. 2019, 83, 165–174.
12. Pejic, L.M.; Torrent, J.G.; Querol, E.; Lebecki, K. A new simple methodology for evaluation of explosion risk in underground coal

mines. J. Loss Prev. Process Ind. 2013, 26, 1524–1529.
13. Osarogiagbon, A.U.; Khan, F.; Venkatesan, R.; Gillard, P. Review and analysis of supervised machine learning algorithms for

hazardous events in drilling operations. Process Saf. Environ. Prot. 2021, 147, 367–384.
14. Khakzad, N.; Khan, F.; Amyotte, P. Safety analysis in process facilities: Comparison of fault tree and Bayesian network approaches.

Reliab. Eng. Syst. Saf. 2011, 96, 925–932.
15. Zhang, L.; Wu, X.; Qin, Y.; Skibniewski, M.J.; Liu, W. Towards a fuzzy Bayesian network based approach for safety risk analysis of

tunnel-induced pipeline damage. Risk Anal. 2016, 36, 278–301.
16. Tong, X.; Fang, W.; Yuan, S.; Ma, J.; Bai, Y. Application of Bayesian approach to the assessment of mine gas explosion. J. Loss Prev.

Process Ind. 2018, 54, 238–245.
17. Zarei, E.; Khakzad, N.; Cozzani, V.; Reniers, G. Safety analysis of process systems using Fuzzy Bayesian Network (FBN). J. Loss

Prev. Process Ind. 2019, 57, 7–16.



Processes 2023, 11, 2619 19 of 19

18. Li, Z.; Wang, X.; Gong, S.; Sun, N.; Tong, R. Risk assessment of unsafe behavior in university laboratories using the HFACS-UL
and a fuzzy Bayesian network. J. Saf. Res. 2022, 82, 13–27.

19. Shi, L.; Wang, J.; Zhang, G.; Cheng, X.; Zhao, X. A risk assessment method to quantitatively investigate the methane explosion in
underground coal mine. Process Saf. Environ. Prot. 2017, 107, 317–333.

20. Khan, F.; Rathnayaka, S.; Ahmed, S. Methods and models in process safety and risk management: Past, present and future.
Process Saf. Environ. Prot. 2015, 98, 116–147.

21. Qiao, W. Analysis and measurement of multifactor risk in underground coal mine accidents based on coupling theory. Reliab.
Eng. Syst. Saf. 2021, 208, 107433. [CrossRef]

22. Li, F.; He, X.; Zhang, Y.; Wang, C.; Tang, J.; Sun, R. Superposition risk assessment of the working position of gas explosions in
chinese coal mines. Process Saf. Environ. Prot. 2022, 167, 274–283. [CrossRef]

23. Ruijters, E.; Stoelinga, M. Fault tree analysis: A survey of the state-of-the-art in modeling, analysis and tools. Comput. Sci. Rev.
2015, 15, 29–62.

24. Wang, Y.; Fu, G.; Lyu, Q.; Li, X.; Chen, Y.; Wu, Y.; Xie, X. Modelling and analysis of unsafe acts in coal mine gas explosion accidents
based on network theory. Process Saf. Environ. Prot. 2023, 170, 28–44.

25. Maselli, G.; Macchiaroli, M.; Nesticò, A. ALARP criteria to estimate acceptability and tolerability thresholds of the investment
risk. Appl. Sci. 2021, 11, 9086. [CrossRef]

26. Kotre, C.J. Application of ALARP cost-benefit analysis to hospital-based radiation protection. J. Radiol. Prot. 2022, 42, 041509.
[CrossRef]

27. Zadeh, L. Fuzzy sets. Inf. Control 1965, 8, 338–353. [CrossRef]
28. Guo, X.; Ji, J.; Khan, F.; Ding, L.; Yang, Y. Fuzzy Bayesian network based on an improved similarity aggregation method for risk

assessment of storage tank accident. Process Saf. Environ. Prot. 2021, 149, 817–830. [CrossRef]
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