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Abstract Nowadays knowledge management has

received a considerable attention from both academics and

industrial sectors, and expert knowledge is recognized as

the most important resource of enterprises, particularly in

the knowledge-intensive organizations. Dealing with

knowledge creation, transfer, and utilization is increasingly

critical for the long-term sustainable competitive advantage

and success of any organization. Thus, a lot of efforts have

been required from companies and researchers in devel-

oping and supporting knowledge management in different

organizations. In industrial sectors as the highly competi-

tive environment, capturing and disseminating of tacit

knowledge are significant to an organization’s success with

the development of knowledge-based systems. Safety and

reliability analysis is an important issue to prevent an event

which may be the occurrence of catastrophic accident in

process industries. In this context, conventional safety and

reliability assessment techniques like fault tree analysis

have been widely used in this regard; however, in practical

knowledge acquisition process, domain experts tend to

express their judgments using multi-granularity linguistic

term sets, and there usually exists uncertain and incomplete

information since expert knowledge is experience-based

and tacit. In addition, although the technical capabilities of

expert systems based on fuzzy set theory are expanding,

they still fall short of meeting the increasingly complex

knowledge demands and still suffer in subjective uncer-

tainty processing and dynamic structure representation

which are important in risk assessment procedure. In this

paper, a new framework based on 2-tuple intuitionistic

fuzzy numbers, Pythagorean fuzzy sets, and Bayesian

network mechanism is proposed to evaluate system relia-

bility, to deal with mentioned drawbacks, and to recognize

the most critical system components which affect the sys-

tem reliability.
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Introduction

Developing expert systems in some fields like medicine,

science, and engineering is very important. An expert

system is a kind of intellectual programming system which

can solve problems in relevant fields with expert’s levels,

use the experience and special knowledge that domain

experts accumulated for many years, simulate the thought

process of human experts, and solve the difficult problem

that generally only experts can do [1]. The building of

expert systems has been characterized by capturing expert

knowledge in such a way that it is possible for non-experts

to solve a particular problem using knowledge already

captured and stored in the computer [2].

In the current technological complexity of modern sys-

tems, the product reliability constitutes the significant

attribute to satisfy the demand and increase the quality

toward sustainable production [3]. To satisfy the demand

and increase the quality of life for human beings, the

product reliability is an indispensable factor on both the

academic research and practice. In real world, high-tech

industry has enough complexity to be analyzed by varieties

of risk assessment methods. Fault tree analysis (FTA) as a

powerful risk assessment technique is usually used which is
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based on reliability, maintenance, and experts’ systems

knowledge [4].

Expert systems (an expert system is a computer system

that emulates the decision-making ability of a human

expert [5]) development is an unavoidable issue in risk

assessment procedure in varieties of fields such as science,

engineering, and medicine. It is commonly engaged to

solve the relevant problems of experts’ fields focusing on

the intellectual programming system. In addition, it uses

the experiences besides knowledge; in this case a group of

employed expert accumulated their knowledge for many

years. Employing expert system has been classified as

apprehending expert knowledge in case of a possibility for

non-experts. It helps considerably to solve a specific

problem by previous captured knowledge, and then, it will

be stored in the computer [2]. Two key issues in developing

an expert system are the acquisition of domain experts’

professional knowledge and the representation and rea-

soning of the transformed knowledge rules. In an expert

system, the inference engine usually serves as the tool for

application of the proper parts of the knowledge base

according to the input, and the output is a recommendation,

for example, to take a set of actions [6, 7].

In general, knowledge can be categorized into explicit

and tacit knowledge, as first introduced by Polanyi (1966)

and accepted by many researchers [8]. Explicit knowledge

is codified knowledge articulated in words, figures, and

numbers. It is objective and relatively easy to share in the

form of reports, standard operating procedures, and data.

Tacit knowledge, in contrast, is the knowledge residing in

the heads of people that is highly personal and hard to

codify. Such knowledge is subjective and unstructured,

which is acquired over a period of time through experience,

reflection, and intuition. In the past, knowledge managers

focused mainly on explicit knowledge since it is much

easier to handle and share. This tendency to concentrate on

explicit knowledge makes it important for practice and

academia to examine the missed opportunities that may

result from ignoring tacit knowledge [1, 9–14]. Tacit

knowledge is established personally and depends on indi-

vidual experience, perceptions, and insights while in an

expert system, decision makers are willing to use the lin-

guistic terms for representing their judgments. Obviously,

in a group of experts, each of them has varying opinions

according to their different background and experience.

Additionally, experts are usually uncertain about their

estimations in knowledge acquisition process. That is

because of many reasons such as limitation of time,

absence of experience, and data. In this context, fuzzy set

theory introduced by Zadeh (1965) [15] can be utilized to

handle tactic knowledge. With respect to the advantages of

fuzzy set theory, some of them may be unclear, ambiguous,

incomplete, or even uncertain. The information is to

integrate into the knowledge acquisition by using existing

conventional fuzzy set theory. However, in a parallel way,

uncertainty treatment [16] can be utilized as a significant

issue in knowledge acquisition procedure which is not the

main goal of this study.

Regarding safety concept, in expert systems, the two

main significant parts of any risk assessment procedure are

identified: representation of knowledge and acquisition of

domain experts. Firstly, as a promising tool for knowledge

representation and reasoning in risk assessment, like FTA,

even more conventional fuzzy FTA still suffers a couple of

deficiencies. As an example, the available rules in the most

existing knowledge inference frameworks cannot change

dynamically according to propositions’ deviation as human

cognition and thinking. Furthermore, the parameters in

conventional fuzzy FTA models cannot exactly signify the

increasingly complex knowledge-based systems. Secondly,

due to the expert knowledge acquisition process, the

domain expert board usually establishes diverse experience

and knowledge from one another and produces various

types of knowledge information including complete/in-

complete, precise/imprecise, and known/unknown because

of its cross functional and multi-disciplinary nature [16].

The latter shortages can be handled by the interval 2-tuple

linguistic terms method. The 2-tuple intuitionistic fuzzy

numbers (IFNs) and many of its considerable extension can

overcome on the aforementioned limitation [17]. The

substantial superiority of IFNs is that the experts can

express their opinions using 2-tuple qualitative terms with

variety of uncertainties and ambiguities. In addition, the

numerous uncertainties in the judgments can be modeled

by using IFNs [18]. The 2-tuple IFNs and its current

extension have been widely used to solve many multi-cri-

teria decision-making (MCDM) problems. At present, a

hybrid method based on integration of analytical network

process (ANP) and ELECTRE II methods in interval 2-

tuple linguistic environment for supplier selection is con-

ducted by Wan et al. (2017) [19]. In another study, Singh

et al. (2017) [20] developed the PROMETHEE II method

to interval-valued 2-tuple linguistic variables in order to

address energy-planning problems. In a same way, Liu

et al. (2014a) [21] coped with the problems of robot

selection employing an interval 2-tuple linguistic MCDM

method. Shan et al. (2016) [22] developed some interval 2-

tuple linguistic harmonic mean operators and their appli-

cation in material selection followed by Lin et al. (2015)

[23] which utilized a novel interval linguistic aggregation

operator for facility location selection based on optimal

aggregation method. In risk assessment context, Bozdag

et al. (2015) [24] ranked the failure modes in failure mode

and effect analysis (FMEA) technique using an interval

type-2 fuzzy sets. Further, Liu et al. (2014b) [25] applied

intuitionistic fuzzy hybrid TOPSIS (Technique for Order of
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Preference by Similarity to Ideal Solution) approach to

prioritize the identified failure modes concerning a 1.8-

inch. color super twisted nematic. Yazdi (2018) [26]

introduced a novel 2-tuple intuitionistic fuzzy-hybrid-

modified TOPSIS approach for assessing hazards in a gas

refinery for the welding and lamination task to represent

the effectiveness and reliability of proposed model to

compare with the conventional risk matrix. In the current

year, Yazdi and Soltanali (2018) [27] used recently IFNs in

order to compute the failure probability in fluid filling

system and then compare the results employing an updat-

ing mechanism tool. In addition, Yazdi (2018) [28] applied

the same procedure with different types of failure in

automotive industry to compare the results with different

approaches. Therefore, the model based on the interval 2-

tuple linguistic terms method will be more flexible and

precise to cope with expert judgments in the tacit knowl-

edge acquisition process.

However, to the best of authors’ knowledge, there are

few attempts that have been done to use 2-tuple linguistic

terms in FTA, whereas many studies have been performed

using conventional fuzzy FTA, such as Rajakarunakaran

et al. (2015), Yazdi and Zarei (2018), and Kabir et al.

(2018) [29–31]. As a prior study, an intuitionistic fuzzy set-

based method has been engaged for the failure analysis of

the printed circuit board assembly [32]. Authors directly

computed the intuitionistic fuzzy FTA interval, old-fash-

ioned reliability, and the intuitionistic fuzzy reliability

interval. Chang et al. (2006) [33] introduced an algorithm

of vague FTA to compute fault interval of system com-

ponents from integrating expert’s knowledge. Cheng et al.

(2009) [34] proposed an intuitionistic FTA procedure to

compute the intuitionistic fuzzy reliability interval for

liquefied natural gas terminal emergency shutdown system.

Kumar and Yadav (2012) [35] applied the weakest t-norm-

based intuitionistic fuzzy FTA to evaluate system relia-

bility by finding the most critical system component that

affects the system reliability. Therefore, one of the main

objectives of current study is proposing tactic knowledge

acquisition framework using 2-tuple interval qualitative

terms, and fuzzy analytical hierarchy process (FAHP) to

capture, store, share, leverage, and improve tactic knowl-

edge based is increasing and sustaining in competitive

merits of experts’ knowledge in FTA.

Pythagorean fuzzy sets (PFS) are an extension of intu-

itionistic fuzzy sets. It provides more freedom to experts in

expressing their opinions about the vagueness and uncer-

tainty of the considered risk assessment problem. In

Pythagorean fuzzy sets, experts assign membership and

non-membership degrees. Unlike intuitionistic fuzzy sets,

sum of the assigned membership and non-membership

degrees does not have to be at most 1. However, the sum of

squares of these degrees must be at most 1. It has many

advantages as follows [36]. As an example, it allows the

experts to assign judgments to the hazards and associated

risks with respect to two parameters of two-dimensional

(2D) risk matrix method by means of linguistic terms,

which are better interpreted by humans, fuzzy in nature and

then transferred into Pythagorean fuzzy numbers. How-

ever, it has not been used for diagnostic analysis, whereas it

is well applied currently in occupational safety concepts

such as integration of PFS and AHP in risk assessment for

occupational health and safety [37, 38] and PFS and

TOPSIS [39].

In other side, to cope with dynamically changeable (first

drawback), Bayesian network (BN) mechanism can be

utilized to handle this lack in conventional FTA method.

BN as a well-known graphical model illustrates the causal

relationships between key factors (causes) and one or more

final outcomes in a system. BN analysis may be qualitative,

quantitative, or both, depending on the scope of the anal-

ysis as well as FTA, and it is popular in statistics, machine

learning, artificial intelligence, and risk and reliability

analyses. Additionally, BN has also been widely applied in

numerous risk and reliability studies [40, 41], improving

the safety performance of a system [42], updating failure

probability [43], mapping static or dynamic FTs into cor-

responding BNs [44], using fuzzy evidence theory, and

updating mechanism [45], and in recent work combining

BN and Petri nets aimed to analyze dynamic safety system

[46].

The main purpose of this paper is to provide a novel

framework to improve knowledge acquisition for analyzing

fault diagnosis in a FT and comparing the results with

listing of approaches. In the next section, a new framework

based on interval 2-tuple IFNs is presented to compute the

failure probability (FP) of the top event (TE) in FTA.

Firstly, a new knowledge acquisition technique based on

interval 2-tuples and FAHP is introduced to model the

variety and vagueness of information in tacit knowledge

acquisition. Secondly, BN is used to handle the lack of

conventional FTA in both crisp and fuzzy environments. In

‘‘Case Study’’ section, the practicality and usefulness of the

proposed approach are demonstrated by a numerical

example in an automotive manufacturing process fault. The

concluding remarks and recommendation for further stud-

ies are presented in the last section.

Methodology

As it can be seen from Fig. 1, a new framework is proposed

to improve the knowledge acquisition in failure diagnosis

analysis. Expert judgment, modeling, and calculation are

the three key stages in the proposed model. Once an event

is selected as a TE, the modeling part using FTA and BN is
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constructed and developed. Next, a group of employed

experts express their opinions for possibility of each basic

event (BE) using linguistic terms. A reliable aggregation

process is applied, which collects all possibilities in terms

of linguistic opinions. Applying the aggregation result, the

probability of each BE and subsequently TE is computed.

Finally, critical BE is identified to obtain further corrective

actions to reduce the probability of TE. The details of each

stage are provided as follows.

Developing Fault Tree Analysis

FTA is a failure-oriented, deductive, and top-down

approach, which considers an undesirable event associated

with the system as the TE; the various possible combina-

tions of fault events leading to the TE are represented with

logic gates. Fault tree is a qualitative model which provides

useful information on the various causes of undesired top

events. However, quantification of fault tree provides top

event occurrence probability and critical contribution of the

basic causes and events [47, 48]. Fault tree approach is

widely used in probability safety assessment. The faults

can be the events that are associated with component

hardware failure, software error, human errors, or any other

relevant events which can lead to top events. The gates

show the relationships of faults (or events) needed for the

occurrence of a higher event. The gates those serve to

permit or inhibit the fault logic up the tree. The gate

symbol denotes the type of relationship of the input (lower)

events required for the output (higher) event. Lack of

proper understanding of objectives may lead to incorrect

definition of top event, which will result in wrong decisions

being made. Hence, it is extremely important to define and

understand the objectives of the analysis. After identifying

top event from the objectives, scope of the analysis is

defined. The scope of the FTA specifies which of the

failures and contributors to be included in the analysis. It

mainly includes the boundary conditions for the analysis.

The boundary conditions comprise the initial states of the

subsystems and the assumed inputs to the system. Inter-

faces to the system such as power source or water supplies

are typically included in the analysis; their states need to be

identified and mentioned in the assumptions [49]. To

compute the probability of TE in a quantitative analysis,

the following conventional assumptions and mathematical

operations can be performed:

POR ¼ 1�
Yn

i¼1

1� Pið Þ ðEq 1Þ

PAND ¼
Yn

i¼1

Pi ðEq 2Þ

Once the probability of each BE is known, the probability

of TE can be computed. Input data for BE are divided into

five categories: non-repairable component, repairable

component, periodically tested component, frequency, and

Fig. 1 Proposed framework
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on-demand probability in this accordance. However, in

FTA sometimes there is a lack of information to obtain

failure rate for all BEs. Therefore, three other ways such as

expert judgment, extrapolation, and statistical may be

engaged as a trustworthy alternative way. In this study,

expert judgment is used to compute the probability of all

BEs.

Bayesian Updating Mechanism

Since the equipment failure tends to be a rare event,

empirical data for parameter estimation are generally

sparse. Classical approach (FTA) is ill suited for this sit-

uation, leading to excessively wide confidence intervals.

Partly because of this, most of the risk assessment com-

munity has turned to Bayesian analysis (because they

employ so-called Bayes’ theorem), as a natural means to

incorporate a wide variety of information (in addition to

statistical data, i.e., r failures in n tests) in the estimation

process.

The following four steps are to be followed in Bayesian

estimation.

Step 1 Identification of the parameter to be estimated

Step 2 Development of a prior distribution that is

obtained from generic data

Step 3 Collection of evidence and construction of

appropriate likelihood function

Step 4 Derivation of the posterior distribution using

Bayes’ theorem

Assuming the conditional dependencies among the

variables, BN shows the joint probability distribution

PðUÞ :

P Uð Þ ¼
Yn�1

i¼1

P XijXiþ1; . . .;Xnð Þ ðEq 3Þ

where U ¼ X1;X2; . . .;Xnf g and Xiþ1 is the parent of Xi.

Accordingly, the probability of Xi can be computed as:

P Xið Þ ¼
X

UnXi

P Uð Þ ðEq 4Þ

The main advantage of BN is in a probability of

updating. This information is commonly based on expert

knowledge or becomes available in the lifecycle of

processes, such as accidents, incidents, near misses and

mishaps. Based on Bayes theorem, BN can be used to

update the prior probability of an event (E), explanation of

the updated or posterior probabilities:

P UnEð Þ ¼ P U \ Eð Þ
P Eð Þ ¼ P U \ Eð ÞP

U P U \ Eð Þ ðEq 5Þ

To obtain more information, one can refer to the [50].

Expert Judgment

Expert knowledge is affected by individual visions and

purposes [51]. Therefore, it is very difficult to assess the

complete impartiality of expert knowledge. The main

challenge is the selection of heterogeneous specialists (e.g.,

either scientists or workers) and homogenous specialists (it

just includes scientists).

Individual experience on expert judgment is presumed

to be smaller in the homogeneous group as compared to the

heterogeneous one as a result of experience differences.

Therefore, by considering all possible opinions, a group of

heterogeneous specialists could have a privilege over the

homogeneous group. Moreover, the weights of experts are

different, so in real life, the heterogeneous group is more

realistic [52, 53]. The criteria for the recognition of experts

are established as follows: firstly, the period of learning and

experience in the precise scope of knowledge. Secondly,

the individual conditions in which experience is obtained,

including either practical or theoretical conditions, are

considered. Thus, using the FAHP method can handle this

problem. Accordingly, each expert is evaluated based on

the four criteria: education, job tenure, experience, and age.

FAHP as a first preliminary is explained as follows.

Preliminary 1: Fuzzy Analytical Hierarchy Process

(FAHP)

Conventional AHP as a well-known method is widely used

in multi-criteria decision-making issues. AHP originally is

introduced by Saaty (1977), to deal with the complexity of

decision problems using hierarchy of decision layers [54].

In order to break a problem into the several layers (sub-

problem) and improve the subjectivity (capability of

reflecting the human thinking), the FAHP has been devel-

oped to solve the AHP problems [55]. Additionally, the

subjectivity should be avoided in order to achieve more

credible and reliable results [56]. In this regard, the main

extension of the FAHP techniques under trapezoidal and

triangular memberships is introduced by Buckley (1985)

and Change (1996) [57, 58].

Stage 1: Let ~akij ¼ ~akij1; ~a
k
ij2; ~a

k
ij3

� �
, i ¼ 1; 2; . . .; n� 1ð Þ;ð

j ¼ 2; 3; . . .; nÞ be the fuzzy relative importance by

comparing criterion i with criterion j provided by kth

expert. Then, the aggregated fuzzy relative importance

~aij is obtained as follows.

~aij ¼
XK

k¼1

kk � ~akij1;
XK

k¼1

kk � ~akij2;
XK

k¼1

kk � ~akij3

 !
ðEq 6Þ

where kk [ 0 k ¼ 1; 2; . . .;Kð Þ and satisfyingPK
k¼1 kk ¼ 1:
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Stage 2: Pairwise comparison matrices are made in the

dimensions of the hierarchy procedure throughout all the

defined criteria. Experts’ opinions in quantifiable terms

are allocated by considering the importance of pairwise

comparison.

~A ¼ ½~aij� ¼

1 ~a12 � � � ~a1n
1=~a21 1 � � � ~a2n

..

. ..
. . .

. ..
.

1=~an1 1=~an2 � � � 1

2
6664

3
7775 ðEq 7Þ

when criterion i is of relative importance to criterion j,

~aij ¼ ~1; ~3; ~5; ~7; ~9. In contrast, when criterion j is of rel-

ative importance to criterion i, ~aij ¼ ~1; ~3�1; ~5�1; ~7�1;
~9�1. In a situation i ¼ j; ~aij ¼ 1, where relative impor-

tance criterion j in qualitative terms and corresponding

fuzzy numbers are provided in Fig. 2 and Table 1 as

follows:

Stage 3: Examine the consistency of fuzzy pairwise

comparison matrix. Considering A ¼ aij
� �

as a positive

mutual matrix and ~A ¼ ½~aij� is a fuzzy positive mutual

matrix. As it discussed in [57], if A ¼ aij
� �

is consistent,

~A ¼ ½~aij� will also be consistent. Thus, this study used

this procedure to examine the consistency of comparison

matrix and validate the questionnaire provided for

experts. In case of the inconsistency of the comparison

matrix, the evaluation procedure should be repeated to

improve the consistency [59].

Stage 4: Using the geometric mean method, the fuzzy

weights of fuzzy comparison values between criteria are

calculated by Eq 8 as follows;

~ri ¼ ~ai1 � ~ai2 � � � � � ~ainð Þ1=n ðEq 8Þ

where ~ain is a fuzzy comparison values of criterion i to

criterion n.

Stage 5: For each criterion, the fuzzy weights are defined

as follows:

~wi ¼ ~ri � ~r1 � ~r2 � � � � � ~rnð Þ�1 ðEq 9Þ

~wiis defined as a fuzzy weight of criterion i and ~wi ¼
l ~wi;m ~wi; u ~wið Þ which are included l ~wi;m ~wi; and u ~wi

justify the lower, middle, and upper values of the fuzzy

weights of criterion i, respectively.

Stage 6: Defuzzification procedure. The significant step

in fuzzy multi-criteria decision making is the defuzzi-

fication procedure which locates the best non-fuzzy

performance (BNP) value. There are many techniques

available for defuzzification, including center of area

(CoA), mean of maximum (MoM), and a–cut. CoA is

known as a more simple and practical technique;

therefore, it is used to compute the BNP value of the

fuzzy weights of each dimension.

X� ¼ rti xð Þxdx
rti xð Þdx ðEq 10Þ

where X* = defuzzified output; tiðxÞ = aggregated

membership function; x = output variable.

Defuzzification of triangular fuzzy number ~A = (a1, a2,

a3) is:

1

0

0 1 2 3 4 5 6 7 8 9

EI WI SI VSI AI

x

Fig. 2 Membership function

for pairwise comparison

importance of criterion j

Table 1 Fuzzy corresponding number for relative importance

comparison to criterion

Fuzzy

number Qualitative terms

Triangular fuzzy

number

~9 Absolutely important (AI) (7,9,9)

~7 Very strongly important (VSI) (5,7,9)

~5 Strongly important (SI) (3,5,7)

~3 Weakly important (WI) (1,3,5)

~1 Equally important (EI) (1,1,3)

e3�1 Weakly unimportant (WU) (1/5, 1/3, 1)

e5�1 Strongly unimportant (SU) (1/7, 1/5, 1/3)

e7�1 Very strongly unimportant (VSU) (1/9, 1/7, 1/5)

e9�1 Absolutely unimportant (AU) (1/9, 1/9, 1/7)
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X� ¼
r
a2
a1

x�a2
a2�a1

xdxþ r
a3
a2

a3�x
a3�a2

xdx

r
a2
a1

x�a2
a2�a1

dxþ r
a3
a2

a3�x
a3�a2

dx
¼ 1

3
a1 þ a2 þ a3ð Þ

ðEq 11Þ

where X* is the weight on expert j.

In this study, a heterogeneous group of experts expresses

their opinions for possibility of each BE in linguistic terms.

As it mentioned earlier, the linguistic terms are defined as

IFNs because of improving knowledge acquisition. IFS is

explained as follows.

Preliminary 2: Intuitionistic Fuzzy Set (IFS)

Atanassov (1986) [60] presented intuitionistic fuzzy set

(IFS) to deal acceptably with ambiguity as an extension of

the classical model introduced by Zadeh (1965) [15] which

includes the membership and non-membership functions

and hesitation margin groups. Xu (2011) [61] indicated that

the IFS data are more comprehensive than the fuzzy con-

ventional set with only a membership function. Chang and

Cheng (2010) [62] and Chang et al. (2010) [63] showed

that IFS is a proper approach to deal with ambiguities and

uncertainties in FMEA as an efficient risk assessment

technique. Figure 3 illustrates the interrelations among

crisp sets, fuzzy sets, and IFS. The definition of IFS and the

related issues is provided as follows:

Definition 1 Considering X as a fixed set, intuitionistic

fuzzy S in X is introduced:

S ¼ x; lS xð Þ; mS xð Þ x 2 Xjf g; ðEq 12Þ

where lS xð Þ and mS xð Þ 2 0; 1½ � are denoted as a degree of

membership and non-membership functions, respectively,

and satisfy 0� lS xð Þ þ mS xð Þ� 1; 8x 2 X:

In addition, the hesitation degree of x 2 S indicates the

degree of uncertainty of x to S and is given as pS xð Þ ¼
1� lS xð Þ � mS xð Þ and clearly satisfies

0� pS xð Þ� 1; 8x 2 X.

It is obvious that the value of x is more uncertain or

certain when the value of pS xð Þ is large or small, respec-

tively. Moreover, as illustrated in Fig. 4 considering both

continuous functions of lS xð Þ and mS xð Þ, IFS clearly

regresses the conventional fuzzy set when

lS xð Þ ¼ 1� mS xð Þ. In addition, IFS reduces into a crisp set

in special cases when the value of lS xð Þ ¼ 1� mS xð Þ is

equal to 0 or 1.

The set lS xð Þ; mS xð Þð Þ is called an intuitionistic fuzzy

number in IFS and a ¼ lS xð Þ; mS xð Þð Þ simply represents

each IFN, where la 2 0; 1½ � and ma 2 0; 1½ �; and also satisfy

la þ ma � 1: It should be noted that for an IFN

a ¼ la; mað Þ,aþ 1; 0ð Þ and a� 0; 1ð Þ are nominated as the

largest and smallest IFNs, respectively.

Definition 2 Let a1 ¼ la1 ; ma1
� �

and a2 ¼ la2 ; ma2
� �

be

two IFNs, and the intuitionistic fuzzy distance (IFD)

between a1 and a2 is illustrated as follows:Fig. 3 Interrelations between crisp sets, fuzzy sets, and IFS [64]

Fig. 4 Intuitionistic fuzzy sets

[65]
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dIFD a1; a2ð Þ ¼ a1 � a2j j ¼ 1

2
la1 � la2
�� ��þ ma1 � ma2j j
� �

ðEq 13Þ

The next stage of the procedure presents the aggregation

of experts’ opinions in an intuitionistic fuzzy environment.

Aggregation Procedure

According to IFS, the linguistic terms are defined as IFNs

for the possibility of each BE. The theoretical basis for the

transformation between qualitative terms and IFNs in the

following tables is provided in detail by Liu et al. (2014a)

[25] and subsequently the detail reasons of why qualitative

terms can be defined as IFNs are provided by Wang and

Liu (2012) [66]; Xu and Zhao (2016) [67]. Thus, the

employed experts express their opinions due to the possi-

bility of occurrence for each BE using IFNs.

In recent years, Xu (2007) [68] has introduced an

extension of the intuitionistic fuzzy-hybrid-weighted

Euclidean distance (IFHWED) operator to aggregate

experts’ opinions. Then, he ordered them when the lin-

guistic terms are prepared with IFNs. IFHWED is

integrated with the intuitionistic fuzzy-weighted Euclidean

distance (IFWED) operator and the intuitionistic fuzzy-

ordered-weighted Euclidean distance (IFOWED) operator.

Both IFWED and IFOWED are developed by Zeng (2012)

[69]. The principal superiority of IFHWED is that it cannot

only integrate both of them by applying the degree of

importance but can also reduce the effect of unreasonable

small (or large) deviations on the aggregation outcomes by

allocating them in different weights. The steps of

aggregation procedure which is engaged in this study are

provided as follows.

Aggregate the expert’s opinion using the intuitionistic

fuzzy-weighted averaging (IFWA) operator for any BEs,

BEi ¼ i ¼ 1; . . .;mð Þ:

aij ¼ IFWA a1ij; a
2
ij; . . .; a

n
ij

� �
¼
Xn

k¼1

kka
k
ij

¼ 1�
Yn

k¼1

1� lkij

� �kk
;
Yn

k¼1

mkij

� �kk
" # ðEq 14Þ

where aij ¼ lij; mij
� �

is the final aggregated subjective

opinions in terms of IFN, akij ¼ lkij; m
k
ij

� �
is the IFN that is

transferred by the corresponding linguistic terms according

to an experts’ opinion, kk is the given weight to each expert

according to FAHP that represents the importance of his/

her opinion on BEi and satisfies kk [ 0 k ¼ 1; . . .; nð Þ andPn
k¼1 kk ¼ 1

� �
:

Next, to make reliable decisions with consideration of

maintenance actions, the intuitionistic fuzzy output is

converted into the crisp value using Eq 13. However,

Boran et al. (2009) [70] showed that Eq 14 can be nor-

malized to Eq 15. Additionally, Yazdi et al. (2019) [71]

represented that Eq 15 can be considered as a defuzzifi-

cation IFNs which is obtained by:

ValS xð Þ ¼ 1

2
	 1þ lS xð Þ � mS xð Þð Þ ðEq 15Þ

PFS is explained as follows.

Fig. 5 Comparison of spaces of the PFNs and the IFNs

Fig. 6 Process description
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Fig. 7 Fault tree for the failure in a spherical storage hydrocarbon tank system adopted after [44]
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Preliminary 3: Pythagorean Fuzzy Sets (PFS)

In the literature [72–75], Yager provided three basic rep-

resentations for Pythagorean membership grades. The first

one is a; bð Þ satisfying the conditions that

2 0; 1½ �; b 2 0; 1½ �and a2 þ b2 � 1. The second one is the

polar coordinates r; hð Þ satisfying the conditions that 2
0; 1½ � and h 2 0; p=2½ �: The third one is r; dð Þ close to the

second one satisfying the conditions that r 2 0; 1½ �; d 2
0; p=2½ �; and d ¼ 1� 2h=c. Their relationship is that a2 þ
b2 ¼ r2; a ¼ r cos hð Þ and b ¼ r sin(hÞ: He referred to a

fuzzy subset having these Pythagorean membership grades

as a PFS. Similar to the definition of IFSs, in the following,

we introduce the general definition of PFSs.

Let a set X be a universe of discourse. A PFS, P is an

object having the form

P ¼ x;P lP xð Þ; mP xð Þð Þh ijx 2 Xf g ðEq 16Þ

where the function lP : X ! 0; 1½ � defines the degree of

membership and lP : X ! 0; 1½ � defines the degree of non-
membership of the element x 2 X to P, respectively, and

for every x 2 X; it holds that:

lP xð Þð Þ2þ mP xð Þð Þ2 � 1 ðEq 17Þ

For any PFS, P and x 2 X, pP xð Þ ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� p2P xð Þ � m2P xð Þ

p
is called the degree of

indeterminacy of x to P. For simplicity, we call

P lP xð Þ; mP xð Þð Þ a Pythagorean fuzzy number (PFN)

denoted by b ¼ P lb; mb
� �

, where lb and mb 2 0; 1½ �; pb ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� l2b � m2b

q
; and l2b þ m2b � 1:

Given three PFNs b1 ¼ P lb1 ; vb1

� �
; b2 ¼

P lb2 ; vb2

� �
; and b ¼ P lb; vb

� �
; Yager [72–75] defined the

basic operations on them, which can be described as

follows:

1. b1 [ b2 ¼ P max lb1 ; lb2

n o
; min vb1 ; vb2


 �� �
:

2. b1 \ b2 ¼ P min lb1 ;lb2

n o
; max vb1 ; vb2


 �� �
:

3. bc ¼ P vb; lb
� �

:

On the basis of relationship between PFNs and IFNs, we

further define some novel operations for PFNs as below:

4. b1 � b2 ¼ P
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
l2b1 þ l2b2 � l2b1l

2
b2

q
; vb1vb2

� �
:

5. b1 � b2 ¼ P lb1lb2 ;
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
v2b1

þ v2b2
� v2b1

v2b2

q� �
:

6. kb ¼ P

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� 1� l2b

� �kr
; ðvbÞk

 !
; k
 0:

7. bk ¼ P ðlbÞk;
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� 1� v2b

� �kr !
; k
 0:

In order to aggregate PFNs, Yager [74] introduced the

following weighted averaging aggregation operator.

Let bj ¼ P lb1 ; vb1

� �
j ¼ 1; 2; . . .; nð Þ be a collection of

PFNs and w ¼ w1;w2; . . .; nð ÞT be the weight vector of bj,
where wj indicates the importance degree of bj, satisfying

wj 
 0 and
Pn

j¼1 wj ¼ 1, and let Pythagorean fuzzy-

weighted averaging (PFWA): Hn ! H if

Table 2 Details of the BEs of FT of Fig. 7

BE Tag

Experts opinion

Expert#1 Expert#2 Expert#3 Expert#4

X.1 H H L VH

X.2 L H H L

X.3 H FL FL H

X.4 L M FL FL

X.5 M FL L FL

X.6 L L VL VH

X.7 FH L H M

X.8 FL M H L

X.9 M L H M

X.10 FL H H FL

X.11 VL FL FL M

X.12 VL M M L

X.13 M H H FH

X.14 M H VH M

X.15 VL H FL M

X.16 VH VL M VL

X.17 VL VL VL VH

X.18 FL H VH VL

X.19 H H H FL

X.20 M H L H

X.21 FL H FH VL

X.22 L L M FH

X.23 M H L FH

X.24 VL FL H H

X.25 FH H L VL

X.26 FH L H FL

X.27 FL FL H VH

X.28 VL FL H H

X.29 FL M H H

X.30 H H H H

X.31 H M L L

X.32 FL FL FL M

X.33 VL FL VH M

X.34 H VH M H
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PFWA ¼ b1; b2; . . .; bnð Þ ¼
Xn

j¼1

wjlbj ;
Xn

j¼1

wjvbj

 !

ðEq 18Þ

Same as IFNs, the aggregation process can be done using

Eq 15.

The main difference between PFN and IFN is their

different constraint conditions. According to their defini-

tions introduced in ‘‘Developing Fault Tree Analysis’’ and

‘‘Bayesian Updating Mechanism’’ sections, we know that

the constraint condition of IFN is 0� la þ ma � 1, whereas

the constraint condition of PFN is lb
� �2þ vb

� �2 � 1.

Because the fact that for any point (a, b) a; b 2 0; 1½ �ð Þ, if
aþ b� 1, then a2 þ b2 � 1; Yager [74] showed that the

space of the Pythagorean membership grade is greater than

the space of the intuitionistic membership grade. In other

words, if one is an IFN, then it must also be a PFN, but not

all PFNs are the IFNs. This result can be easily shown in

Fig. 5.

From the above comparison analysis, we can clearly

know that the main advantage of PFN is that it cannot only

model the decision situations in which the IFN can capture

that the sum of the degree provided by the decision maker

to which an alternative satisfies a criterion and the degree

to which an alternative dissatisfies a criterion is equal to or

\ 1, but also model some other situations in which the IFN

cannot describe that the sum of the degree to which an

alternative satisfies a criterion and the degree to which an

alternative dissatisfies a criterion is bigger than 1, but their

square sum is equal to or\ 1. Nevertheless, this advantage

of PFN comes at the cost that the operations involving

PFNs are generally more complex than those involving

IFNs.

Computing the Failure Probability of BE and TE Once

the crisp value as a possibility of an BE is computed, then

the possibility is converted to probability using Onisawa

equations as follows [76]:

FP¼ 1=10K ; CFP 6¼ 0

0; CFP¼ 0
; K ¼ 1

CFP
� 1

� � �1=3
	2:301

(

ðEq 19Þ

where FP is denoted as failure probability of each BE and

CFP is signified as corresponding crisp failure possibility

extracted using IFS.

In order to compute the probability of TE, Eqs 1, 2 and

Boolean algebra in FTA model and Eqs 3–5 in BN model

are utilized.

Identifying the Critical BEs Quantification of system

risk/reliability only gives the overall system performance

measure. In case of improvement in the system reliability

or reduction in risk is required, one has to rank the com-

ponents or in general the parameter of system model.

Importance measures determine the change in the system

metric due to change in parameters of the model. Based on

these importance measures, critical parameters are identi-

fied. By focusing more resources on the most critical

parameters, system performance can be improved effec-

tively. Importance measure also provides invaluable

information in prioritization of components for inspection

Expert capabilities

Job field Experience

Expert 1 Expert 2 Expert 3

Education level

Expert 4

Fig. 8 Fuzzy AHP index

system of respective expert

capabilities

Table 3 Experts’ profile

No. Job field Experience (years) Education level

Expert#1 Safety officer 8 B.Sc

Expert#2 Process technician 4 M.Sc

Expert#3 Process designer 10 B.Sc

Expert#4 Risk assessor 3 M.Sc
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and maintenance activities. Importance measures are useful

in identification of critical components for the purpose of

design modifications and maintenance. The Birnbaum

measure of importance is defined as the change in system

risk for a change in failure probability for a BE. The BE

can be component failure or human error or a parameter of

system risk model. It is mathematically expressed as:

IBIMBEi
¼ P TEjBEið Þ � P TEjBE�

i

� �
ðEq 20Þ

Based on BIM, first, the TE probability P TEjBEið Þ is

computed by assuming that basic event i has occurred.

Then, the TE probability TEjBE�
i

� �
is computed when it is

assumed that the BE has not occurred.

Case Study

In order to implement the proposed framework, a spherical

storage hydrocarbon tank system as the most critical and

complex equipment in an oil and gas production process was

evaluated. This case study is selected from Yazdi (2019)

[44] in order to make further comparisons. The reliability

and safety guarantee of such system from operational and

non-operational aspects are important. Considering the for-

mer, because of the importance of speedy nature in various

operations, a low reliability leads to an increase in opera-

tional costs and equipment breakdown and ultimately a

downtime in the process lines. Figure 6 shows the views of a

spherical storage hydrocarbon tank system and its process

description (flow diagram). The most important feature of

the system is simultaneous activity of many devices in dif-

ferent blocks. In other words, any failure of a component in

each block leads to not only system disability but downtime

in the whole production line.

According to the mentioned process description, failure

in a spherical storage hydrocarbon tank system is consid-

ered as a TE, and accordingly FT is developed and

illustrated in Fig. 7.

The identified 34 BEs, which contribute directly and/or

indirectly to the specified TE considering common cause

failures (CCFs), are shown in Table 2. To compute the FP

of BEs, an expert judgment method is employed. As it is

mentioned earlier, in this study, because of advantages of

heterogeneous group of expert to compare with homoge-

nous one, three specialists as heterogeneous group of

expert with different backgrounds were employed to

compute the FP of all 34 BEs in which the qualitative terms

based on experts’ opinions are shown in Table 2.

Expert

No. 1

An experienced safety auditor and risk assessor

working as consultant for complex chemical

plant

Expert

No. 2

An experienced technician working in different

kinds of process industry

Expert

No. 3

A senior chemical process designer from

process engineering department with master

certificate

Table 4 Failure probability and importance measures of the BEs

based on the proposed FTA approach and the conventional approach

Tag

Conventional

approach [77]

Proposed FTA

approach based on

IFNs

Proposed FTA

approach based on

PFNs

BIM Rank BIM Rank BIM Rank

X.1 0.819 4 0.811 5 0.820 4

X.2 0.811 5 0.820 4 0.801 6

X.3 0.820 3 0.825 2 0.822 3

X.4 0.822 2 0.822 3 0.819 1

X.5 0.682 31 0.634 33 0.682 31

X.6 0.825 1 0.819 1 0.825 2

X.7 0.651 32 0.682 31 0.651 32

X.8 0.634 33 0.651 32 0.634 33

X.9 0.736 20 0.733 22 0.736 20

X.10 0.735 21 0.735 21 0.733 22

X.11 0.733 22 0.736 20 0.735 21

X.12 0.621 34 0.621 34 0.621 34

X.13 0.740 19 0.740 19 0.738 18

X.14 0.801 6 0.800 7 0.811 5

X.15 0.800 7 0.801 6 0.800 7

X.16 0.726 23 0.726 23 0.740 19

X.17 0.741 18 0.741 18 0.726 23

X.18 0.721 24 0.721 24 0.700 28

X.19 0.798 8 0.795 9 0.786 11

X.20 0.691 30 0.700 28 0.695 29

X.21 0.745 17 0.750 16 0.745 17

X.22 0.695 29 0.691 29 0.691 30

X.23 0.795 9 0.798 8 0.795 9

X.24 0.750 16 0.745 17 0.774 15

X.25 0.700 28 0.695 29 0.721 24

X.26 0.709 27 0.709 27 0.712 25

X.27 0.786 11 0.790 10 0.790 10

X.28 0.774 15 0.774 15 0.750 16

X.29 0.790 10 0.786 11 0.798 8

X.30 0.712 25 0.711 26 0.711 26

X.31 0.780 12 0.778 23 0.776 14

X.32 0.776 14 0.776 14 0.780 12

X.33 0.778 13 0.780 12 0.778 13

X.34 0.711 26 0.712 25 0.709 27

Top Event 0.3016 0.2988 0.2921
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Expert

No. 4

An experienced safety officer working in a

complex process plant with safety engineering

certificate

FAHP method is used to compute each expert’s capa-

bility and assigning the respective weights. The system of

expert information is illustrated in Fig. 8; the experts

profile is shown in Table 3.

The FP and BIM of all BEs in both conventional

approach [77] and the proposed model based on IFNs and

PFNs are shown in Table 4.

Once the data for all BEs are obtained, the FT (Fig. 7) is

mapped to a BN (Fig. 9). The prior probability values of

the root nodes of the BN are defined based on the values

shown in Fig. 4, and corresponding values are provided in

Table 4 in both conventional fuzzy set and IFNs. The

conditional probability values of each intermediate node of

the BN are populated based on the type of logic gate it

represents. In this BN, G.1 is the node corresponding to the

TE of the FT.

Now running a query on this node would return the

value of system unreliability. The value of system unreli-

ability for the system obtained from the FTA-based

approaches including fuzzy set theory, IFNs, and PFNs is

0.3016, 0.2988, and 0.2921, respectively. The system

unreliability was also calculated using the BN-based using

including fuzzy set theory, IFNs, and PFNs, and the value

obtained was 0.1869, 0.1782, and 0.1711, respectively. To

compare the unreliability results, both BN approaches are

less than FT approaches. That is because the conventional

FT approaches do not consider the statistical dependence

among the events and also a number of CCF are available.

However, it can be seen from the BN model that some

events are statistically dependent on each other. As an

example, the events represented by nodes G.6 and G.14 are

statistically dependent on each other as they share a CCF

and common BE is X.4. For a similar reason, nodes G.5,

G.7, G.12, G.13, and G.16 are also statistically dependent.

The effect of these dependences also propagates through

the network to the node representing the TE. As it is

mentioned earlier, the significant aspect of probabilistic

risk assessment of a system is to determine the critical

components based on their contribution to the occurrence

of the system failure. This information will help to asses-

sors and responsible decision makers to improve the system

reliability by taking the necessary corrective actions or by

putting more design determinations on the feeblest part of

Fig. 9 Bayesian network of the fault tree in Fig. 7
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the system. Accordingly, the safety performance of the

system will be improved by facing impressive reduction in

probability of TE. As an example, if the assessors want to

improve the reliability of the system, then they could

substitute the above-mentioned critical components using

components with higher reliability or they could introduce

redundant components in parallel with the critical

components.

The criticality of the BEs of the FT and corresponding

BN in Figs. 7 and 9 are computed using Eq 20. The results

of the evaluation are shown in Tables 4 and 5 for both FT-

and BN-based approaches. According to the results shown

in Table 4 which is FTA based, X.6 contributes the most to

the TE probability based on fuzzy set theory and IFNs

while using PFNs, X.4 has gotten the first critical ranking

and thus ranked as the most critical component. According

to BN-based approaches, X.3 contributes the most to the

TE probability based on fuzzy set theory and PFNs while

using IFNs, X.1 has gotten the first critical ranking and thus

ranked as the most critical component. When the both BN

and FT ranking are compared, it is obvious that both

approaches agree on the ranking of most of the compo-

nents. However, there are some disagreements between the

four approaches regarding the ranking of BEs. For instance,

the BN-based IFNs approach ranked X.33 as the least

critical BE, whereas the conventional FT approached

ranked X.30 as the least critical BE. Author surely with

high confidence believes that these differences are because

of the two reasons: firstly, the statistical independence

supposition of the BEs and IEs in the conventional FT

approaches and secondly, due to the improving knowledge

acquisition which is collated from experts using linguistic

terms and their corresponding IFNs and PFNs.

Figures 10 and 11 illustrate that the ranking of BEs

obtained by the conventional method is completely dif-

ferent from those obtained by the proposed approaches

when trying to eliminate, control, or substitute for obtain-

ing further corrective actions. However, this comparison

shows that the first priorities of BE using all methods are

the same with consideration of different precedences

among Bes, whereas the rest of BEs have considerable

different priorities. In addition, it is vital to acquire cor-

rective actions for at least the first 10 BEs on the ranking

list to improve the safety performance of the company.

Therefore, there is no difference to how the ranking list is

considered for obtaining corrective actions. In addition,

several studies have been done in the literature to represent

the reliability of important measures as tools for recog-

nizing the critical BEs. Author strongly believes that even

though the integration of IFNs PFNs and BN method

provides much more reliable information, it depends on the

company’s conditions and the capacity to determine which

ranking techniques are most appropriate for them.

Conclusion

This study aimed to propose a new framework based on the

2-tuple intuitionistic fuzzy numbers to improve knowledge

acquisition in failure diagnosis analysis using FTA. A

Bayesian network mechanism is engaged in a same way to

handle the shortages of conventional FTA as well. The

study highlights an improvement in the completeness and

enhancement in the probability computation for a spherical

storage hydrocarbon tank system fault in a production

process as a case study. Additionally, comparing the results

of existing techniques [56, 77] and the proposed

Table 5 Importance measures of the BEs based on the proposed BN

approach and the conventional BN approach

Tag basic event

Conventional

approach [56]

Proposed BN

approach

based on

IFNs

Proposed BN

approach based

on PFNs

IBM Rank IBM Rank IBM Rank

X.1, 7, 9,16, 27 0.880 2 0.882 1 0.889 2

X.2, 8, 28 0.878 3 0.881 2 0.888 3

X.3 0.882 1 0.878 3 0.899 1

X.4, 12 0.876 4 0.771 6 0.881 4

X.5 0.765 7 0.876 4 0.765 7

X.6, 30 0.770 6 0.765 7 0.780 5

X.10 0.772 5 0.772 5 0.779 6

X.11 0.720 19 0.726 18 0.721 19

X.13 0.726 18 0.728 17 0.725 18

X.14 0.728 17 0.721 19 0.727 17

X.15 0.700 22 0.711 20 0.708 22

BE.17 0.729 16 0.729 16 0.728 16

X.18 0.709 21 0.695 23 0.640 26

X.19 0.730 15 0.731 15 0.732 15

X.20 0.711 20 0.708 21 0.694 23

X.21 0.641 26 0.650 25 0.708 21

X.22 0.695 23 0.701 22 0.711 20

X.23 0.742 12 0.742 12 0.754 8

X.24 0.755 8 0.756 8 0.741 12

X.25 0.691 24 0.741 13 0.652 25

X.26 0.751 9 0.751 9 0.752 10

X.29 0.745 11 0.745 11 0.751 9

X.31 0.750 10 0.744 10 0.745 11

X.32 0.736 14 0.735 14 0.741 13

X.33 0.650 25 0.640 26 0.691 24

X.34 0.740 13 0.691 24 0.736 14

Top event

probability

0.1869 0.1782 0.1711

382 J Fail. Anal. and Preven. (2019) 19:369–386

123



approaches showed that uncertainty factors about the reli-

ability decreases and the result are much more exact

besides having improvement and progressive in knowledge

acquisition. Therefore, the proposed model has following

attractions to compare the conventional ones:

• It has the capability of allowing the natural modeling of

incomplete knowledge. The approach uses IFS and PFS

as a knowledge acquisition tool, thus reducing

knowledge elicitation from the experts to a minimum.

In this way, the knowledge acquisition bottleneck can

be managed.

• The proposed model has capability of allowing the

natural modeling of incomplete knowledge. The

approach uses IFNs; in this way, the knowledge

acquisition bottleneck can be managed.

Fig. 10 Comparison between the three types of FTA-based ranking

Fig. 11 Comparison between the three types of BN-based ranking
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• Fuzzy knowledge in expert systems, like human

cognition and thinking, can be accustomed automati-

cally following the changing environment through our

BN model based on IFNs and PFNs. This is an

innovation over other models.

• Using BN has capability of letting to use historical data

to update our risk analysis based on domestic informa-

tion. FTA as a statistic analysis means that the assessors

cannot analyze in deductive reasoning way, whereas the

BN can deal with this considerable lack.

• CCF and conditional dependencies between identified

BEs are common fact in conventional FTA, and many

methods are available such as using Beta factor to

handle mentioned dependencies which seems that they

are not more effective and efficient tools, whereas BN

using conditional probability and graphical representa-

tion has high superiority to handle dependencies.

• Fuzzy knowledge in expert systems, like human

cognition and thinking, can be adjusted automatically

following the changing environment through our fuzzy

BN model. This is an innovation over other models.

At present, we use constant amount of probability for BEs.

As a direction for further studies, we plan to use Bayesian

updating mechanism for adding new possible probability

data. In addition, we plan to apply the proposed model in

dynamic system using dynamic FTA. The case study pre-

sented in this article provides assurance on the

methodology and its competency in examining the failure

of process components. Yet the current application was

concentrated on automotive industry, the methodology

could easily be extended to other processing systems.

Furthermore, the IFNs which are used in this paper may be

considered as traditional IFNs in fuzzy logic concepts. An

argumentation on uncertainty treatment and comparing

results using methods such as probability and Dempster–

Shafer theory may consider for further studies.

References

1. H.-C. Liu, L. Liu, Q.-L. Lin, N. Liu, Knowledge acquisition and

representation using fuzzy evidential reasoning and dynamic

adaptive fuzzy Petri nets. IEEE Trans. Cybern. 43, 1059–1072
(2013). https://doi.org/10.1109/TSMCB.2012.2223671

2. D.S. Yeung, E.C.C. Tsang, Fuzzy knowledge representation and

reasoning using Petri nets. Expert Syst. Appl. 7, 281–289 (1994).

https://doi.org/10.1016/0957-4174(94)90044-2

3. M. Yazdi, The application of Bow–Tie method in hydrogen

sulfide risk management using layer of protection analysis

(LOPA). J. Fail. Anal. Prev. 17, 291–303 (2017). https://doi.org/

10.1007/s11668-017-0247-x

4. S. Kabir, An overview of fault tree analysis and its application in

model based dependability analysis. Expert Syst. Appl. 77, 114–
135 (2017). https://doi.org/10.1016/j.eswa.2017.01.058

5. J.L. Feinstein, Introduction to expert systems. J. Policy Anal.

Manag. 8, 182–187 (1989). https://doi.org/10.2307/3323375

6. D.S. Yeung, E.C.C. Tsang, Weighted fuzzy production rules.

Fuzzy Sets Syst. 88, 299–313 (1997). https://doi.org/10.1016/

S0165-0114(96)00052-8

7. C.G. Looney, Fuzzy Petri nets for rule-based decision making.

IEEE Trans. Syst. Man. Cybern. 18, 178–183 (1988). https://doi.

org/10.1109/21.87067

8. M. Polanyi, The Tacit Dimension (1966). https://philpapers.org/

rec/POLTTD-2. (Accessed March 8, 2018)

9. H. Li, J.-X. You, H.-C. Liu, G. Tian, Acquiring and sharing tacit

knowledge based on interval 2-Tuple linguistic assessments and

extended fuzzy Petri nets. Int. J. Uncertain. Fuzziness Knowl.

Based Syst. 26, 43–65 (2018). https://doi.org/10.1142/

s0218488518500034

10. H.-C. Liu, Q.-L. Lin, L.-X. Mao, Z.-Y. Zhang, Dynamic adaptive

fuzzy Petri nets for knowledge representation and reasoning.

IEEE Trans. Syst. Man. Cybern. Syst. 43, 1399–1410 (2013).

https://doi.org/10.1109/tsmc.2013.2256125

11. M. Yazdi, An extension of Fuzzy Improved Risk Graph and

Fuzzy Analytical Hierarchy Process for determination of chem-

ical complex safety integrity levels. Int. J. Occup. Saf. Ergon.

(2017). https://doi.org/10.1080/10803548.2017.1419654

12. K.-Q. Zhou, A.M. Zain, Fuzzy Petri nets and industrial applica-

tions: a review. Artif. Intell. Rev. 45, 405–446 (2016). https://doi.

org/10.1007/s10462-015-9451-9

13. X. Deng, D. Han, J. Dezert, Y. Deng, Y. Shyr, Evidence com-

bination from an evolutionary game theory perspective. IEEE

Trans. Cybern. 46, 2070–2082 (2016)

14. H.S. Yan, A new complicated-knowledge representation

approach based on knowledge meshes. IEEE Trans. Knowl. Data

Eng. 18, 47–62 (2006). https://doi.org/10.1109/tkde.2006.2

15. L. Zadeh, Fuzzy sets. Inf. Control 8, 338–353 (1965)

16. M. Yazdi, M. Darvishmotevali, Fuzzy-Based Failure Diagnostic

Analysis in a Chemical Process Industry (Springer, Cham, 2019),

pp. 724–731. https://doi.org/10.1007/978-3-030-04164-9_95

17. C.S. Liaw, Y.C. Chang, K.H. Chang, T.Y. Chang, ME-OWA

based DEMATEL reliability apportionment method. Expert Syst.

Appl. 38, 9713–9723 (2011). https://doi.org/10.1016/j.eswa.2011.
02.029

18. H.C. Liu, J.X. You, X.Y. You, Evaluating the risk of healthcare

failure modes using interval 2-tuple hybrid weighted distance

measure. Comput. Ind. Eng. 78, 249–258 (2014). https://doi.org/

10.1016/j.cie.2014.07.018

19. S. Wan, G. Xu, J. Dong, Supplier selection using ANP and

ELECTRE II in interval 2-tuple linguistic environment. Inf. Sci.

(Ny). 385–386, 19–38 (2017). https://doi.org/10.1016/j.ins.2016.

12.032

20. A. Singh, A. Gupta, A. Mehra, Energy planning problems with

interval-valued 2-tuple linguistic information. Oper. Res. 17,
821–848 (2017). https://doi.org/10.1007/s12351-016-0245-x

21. H.C. Liu, M.L. Ren, J. Wu, Q.L. Lin, An interval 2-tuple lin-

guistic MCDM method for robot evaluation and selection. Int. J.

Prod. Res. 52, 2867–2880 (2014). https://doi.org/10.1080/

00207543.2013.854939

22. M.M. Shan, J.X. You, H.C. Liu, Some interval 2-tuple linguistic

harmonic mean operators and their application in material

selection. Adv. Mater. Sci. Eng. (2016). https://doi.org/10.1155/

2016/7034938

23. J. Lin, Q. Zhang, F. Meng, An approach for facility location

selection based on optimal aggregation operator. Knowl. Based

Syst. 85, 143–158 (2015). https://doi.org/10.1016/j.knosys.2015.

05.001

24. E. Bozdag, U. Asan, A. Soyer, S. Serdarasan, Risk prioritization

in Failure mode and effects analysis using interval type-2 fuzzy

384 J Fail. Anal. and Preven. (2019) 19:369–386

123

https://doi.org/10.1109/TSMCB.2012.2223671
https://doi.org/10.1016/0957-4174(94)90044-2
https://doi.org/10.1007/s11668-017-0247-x
https://doi.org/10.1007/s11668-017-0247-x
https://doi.org/10.1016/j.eswa.2017.01.058
https://doi.org/10.2307/3323375
https://doi.org/10.1016/S0165-0114(96)00052-8
https://doi.org/10.1016/S0165-0114(96)00052-8
https://doi.org/10.1109/21.87067
https://doi.org/10.1109/21.87067
https://philpapers.org/rec/POLTTD-2
https://philpapers.org/rec/POLTTD-2
https://doi.org/10.1142/s0218488518500034
https://doi.org/10.1142/s0218488518500034
https://doi.org/10.1109/tsmc.2013.2256125
https://doi.org/10.1080/10803548.2017.1419654
https://doi.org/10.1007/s10462-015-9451-9
https://doi.org/10.1007/s10462-015-9451-9
https://doi.org/10.1109/tkde.2006.2
https://doi.org/10.1007/978-3-030-04164-9_95
https://doi.org/10.1016/j.eswa.2011.02.029
https://doi.org/10.1016/j.eswa.2011.02.029
https://doi.org/10.1016/j.cie.2014.07.018
https://doi.org/10.1016/j.cie.2014.07.018
https://doi.org/10.1016/j.ins.2016.12.032
https://doi.org/10.1016/j.ins.2016.12.032
https://doi.org/10.1007/s12351-016-0245-x
https://doi.org/10.1080/00207543.2013.854939
https://doi.org/10.1080/00207543.2013.854939
https://doi.org/10.1155/2016/7034938
https://doi.org/10.1155/2016/7034938
https://doi.org/10.1016/j.knosys.2015.05.001
https://doi.org/10.1016/j.knosys.2015.05.001


sets. Expert Syst. Appl. 42, 4000–4015 (2015). https://doi.org/10.

1016/j.eswa.2015.01.015

25. H. Liu, L. Liu, P. Li, Failure mode and effects analysis using

intuitionistic fuzzy hybrid weighted Euclidean distance operator.

Int. J. Syst. Sci. 45, 2012–2030 (2014). https://doi.org/10.1080/

00207721.2012.760669

26. M. Yazdi, Risk assessment based on novel intuitionistic fuzzy-

hybrid-modified TOPSIS approach. Saf. Sci. 110, 438–448

(2018). https://doi.org/10.1016/j.ssci.2018.03.005

27. M. Yazdi, H. Soltanali, Knowledge acquisition development in

failure diagnosis analysis as an interactive approach. J. Interact.

Des. Manuf. Int. (2018). https://doi.org/10.1007/s12008-018-

0504-6

28. M. Yazdi, Footprint of knowledge acquisition improvement in

failure diagnosis analysis. Qual. Reliab. Eng. Int. 35, 405–422
(2018). https://doi.org/10.1002/qre.2408

29. S. Rajakarunakaran, A. Maniram Kumar, V. Arumuga Prabhu,

Applications of fuzzy faulty tree analysis and expert elicitation

for evaluation of risks in LPG refuelling station. J. Loss Prev.

Process Ind. 33, 109–123 (2015). https://doi.org/10.1016/j.jlp.

2014.11.016

30. M. Yazdi, E. Zarei, Uncertainty handling in the safety risk

analysis: an integrated approach based on fuzzy fault tree anal-

ysis. J. Fail. Anal. Prev. (2018). https://doi.org/10.1007/s11668-

018-0421-9

31. S. Kabir, M. Yazdi, J.I. Aizpurua, Y. Papadopoulos, Uncertainty-

Aware dynamic reliability analysis framework for complex sys-

tems. IEEE Access. 6, 29499–29515 (2018). https://doi.org/10.

1109/ACCESS.2018.2843166

32. S. Ming-Hung, C. Ching-Hsue, J.-R. Chang, Using intuitionistic

fuzzy sets for fault-tree analysis on printed circuit board.

Assembly 46, 2139–2148 (2006). https://doi.org/10.1016/j.

microrel.2006.01.007

33. J.R. Chang, K.H. Chang, S.H. Liao, C.H. Cheng, The reliability

of general vague fault-tree analysis on weapon systems fault

diagnosis. Soft. Comput. 10, 531–542 (2006). https://doi.org/10.

1007/s00500-005-0483-y

34. S.R. Cheng, B. Lin, B.M. Hsu, M.H. Shu, Fault-tree analysis for

liquefied natural gas terminal emergency shutdown system.

Expert Syst. Appl. 36, 11918–11924 (2009). https://doi.org/10.

1016/j.eswa.2009.04.011

35. M. Kumar, S.P. Yadav, The weakest t -norm based intuitionistic

fuzzy fault-tree analysis to evaluate system reliability. ISA Trans.

51, 531–538 (2012). https://doi.org/10.1016/j.isatra.2012.01.004

36. M. Gul, Application of Pythagorean fuzzy AHP and VIKOR

methods in occupational health and safety risk assessment: the

case of a gun and rifle barrel external surface oxidation and

colouring unit. Int. J. Occup. Saf. Ergon. (2018). https://doi.org/

10.1080/10803548.2018.1492251
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