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Abstract
Safety and reliability analysis is an important issue to prevent an event which may to occurrence of catastrophic accident
in process industries. In this context, conventional safety and reliability assessment technique like as fault tree analysis
have been widely used in this regards; however, they still suffer in subjective uncertainty 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 andBayesian networkmechanism is proposed to evaluate system reliability, to deal withmentioned drawbacks,
and to recognize the most critical system components which affects the system reliability. The reliability and safety guarantee
of such system in the aspect of continuity operations and enhancing the safety of operators and vehicle drivers are crucial. The
results revealed that the proposed model could be useful for diagnosing the systems’ faults compared with listing approaches
of safety and reliability analysis.

Keywords Tactic knowledge · Fault tree · Interval 2-tuple · Dependency · Automotive industry

1 Introduction

With 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 [1]. To satisfy the demand and
increase the quality of life for human beings, the product
reliability is an indispensable factor both on the academic
research and practice. In real world, high tech industry is
more complicated systems and to analyze such these indus-
tries, fault tree analysis (FTA) as a powerful diagnosis and
risk assessment technique is usually used based on reliability,
maintenance, and experts systems knowledge [2, 3].
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Expert systems development is an unavoidable issue in
risk assessment procedure in varieties of fields like as sci-
ence, engineering, and medicine. It is commonly engaged
to solve the relevant problems of experts’ fields focusing
on the intellectual programing system. In addition, it is
using the experience besides knowledge which employed
experts accumulated for many years. Employing expert sys-
tem has been classified by apprehending expert knowledge
in case of a possibility for non-experts to solve a spe-
cific problem by previous knowledge captured and stored
in the computer [4]. In development of an expert system,
two key issues play significant rule which are acquisition
of domain experts’ professional knowledge and represen-
tation/reasoning of the transformed knowledge. In recent
years, many knowledge representation methods have been
developed; however, regarding to the increasing complexity
of today’s knowledge-based systems, remarkable effort has
to been paid to the improvement of knowledge acquisition
[4–10]. Further, the typical knowledge acquisition process is
to obtain the knowledge directly by the engineer knowledge
through interactions with experts [11, 12].

In general, the knowledge is divided in two categories
including tactic and explicit knowledge, which the latter one
firstly was introduced by Polanyi [13] and have been widely
used in bulk literature studies [14–16]. Explicit knowledge
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is known as codified and organized knowledge, meaning that
it can be transferred into the figures, words, and numbers.
Explicit knowledge is also named objectivity which is easy
to share in the symptom of reports, data, and standard oper-
ating procedure. In the opposite side, tactic knowledge is
the knowledge staying in the head of experts which is con-
fidential and highly difficult to be codified. It can be called
as subjective and unstructured knowledge. Tactic knowledge
is obtained in a period of time under perception, reproduc-
tion, and experience. For a long time, decisionmakersmainly
focus on explicit and objective knowledge because of easily
handling and sharing. However, this attitude to use explicit
knowledge makes it important for practice and academia
to determine the ignored opportunities which might result
from missed tactic and subjective knowledge; besides, there
is no possibility that knowledge acquisition in completed in
a group of decision makers on an individual basis [17–23].
Tacit knowledge is established personally and depends on
individual 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 opin-
ions according to their different background and experience.
Additionally, experts are usually uncertain of their estima-
tions in knowledge acquisition process because of many
reasons such as limitation of time, absence of experience and
data. In this context, fuzzy set theory introduced by Zadeh
[24] can be utilized to handle tactic knowledge. With respect
to the advantages of fuzzy set theory, but some of which
may be unclear, ambiguous, incomplete, or even uncertain
[16, 25]. The information is hardly to integrate into the
tacit knowledge acquisition by using existing conventional
fuzzy set theory. However, in a parallel way, uncertainty
treatment [26] can be utilized as a significant issue in knowl-
edge acquisition procedure which is not the main goal of this
study.

In safety concept, in experts systems, two significant
issues as a main part of any risk assessment procedure
are identified which are representation of knowledge and
acquisition of domain experts. Firstly, as a promising tool
for knowledge representation and reasoning in risk assess-
ment; like as FTA and even more conventional fuzzy FTA
still suffer a couple of deficiencies. As an example, the
available rules in the most existing knowledge inference
frameworks will not be able to dynamically changeable
based on propositions’ variation as human cognition and
thinking. Furthermore, the parameters in conventional fuzzy
FTA models cannot exactly signify the increasingly com-
plex knowledge-based systems. Secondly, due to the expert
knowledge acquisition process, the domain expert board usu-
ally establishes diverse experience and knowledge from one
another and produces various types of knowledge informa-
tion including complete/incomplete, precise/imprecise, and

known/unknown because of its cross functional and mul-
tidisciplinary nature [18, 19]. 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 aforemen-
tioned limitation [27]. The significant superiority of IFNs
are that the experts can express their opinions using 2-tuple
linguistic term with diversity of uncertainty and ambigui-
ties, the numerous uncertainties in the judgments can be
modeled by using IFNs [28, 29]. The 2-tuple IFNs and
its current extension have been widely used to solve many
multi-criteria decisionmaking (MCDM) problem. Currently,
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 conducted by
Wan et al. [30]. In another study, Singh et al. [31] devel-
oped the PROMETHEE II method to interval-valued 2-tuple
linguistic variables in order to address energy planning prob-
lems. In a same way, Liu et al. [25] cope with the problems
of robot selection using an interval 2-tuple linguistic MCDM
method. Shan et al. [32] developed some interval 2-tuple
linguistic harmonic mean operators and their application in
material selection followed by Lin et al. [33] used a new
interval linguistic aggregation operator for facility location
selection based on optimal aggregation technique. In risk
assessment context, Bozdag et al. [34] ranked the failure
modes in Failure Mode and Effects Analysis (FMEA) tech-
nique using an interval type-2 fuzzy sets. Further, Liu et al.
[35] applied intuitionistic fuzzy hybrid TOPSIS approach
to prioritize the identified failure modes concerning a 1.8-in.
color super twisted nematic. Yazdi [36] 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. 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 knowledge acquisi-
tion process.

However, to the best of authors knowledge, there are few
attempts have been done to use 2-tuple linguistic terms in
FTA, whereas many studies have been performed using con-
ventional fuzzy FTA like as [36, 37]. As a prior study, an
intuitionistic fuzzy sets based method has been engaged for
the failure analysis of the printed circuit board assembly [38].
Authors directly compute the intuitionistic fuzzy FT interval,
traditional reliability, and the intuitionistic fuzzy reliabil-
ity interval and Chang et al. [39] introduced an algorithm
of vague FTA to compute fault interval of system compo-
nents from integrating expert’s knowledge. Cheng et al. [40]
proposed an intuitionistic FTA procedure to compute the
intuitionistic fuzzy reliability interval for liquefied natural
gas terminal emergency shutdown system. Kumar and Yadav
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[41] applied the weakest t-norm based intuitionistic fuzzy
FT analysis to evaluate system reliability by finding the most
critical system component that affects the system reliabil-
ity. Therefore, one of the main objectives of this research is
proposed tactic knowledge acquisition framework using 2-
tuples interval linguistic terms and fuzzy Fuzzy Analytical
Hierarchy Process (FAHP) in order to capture, store, share,
leverage, and improve tactic knowledge based on increasing
and sustaining in competitive advantages of experts’ knowl-
edge in FTA.

In the other hand, to deal with dynamically changeable
(first shortages), Bayesian network (BN) mechanism can be
utilized to handle this lack in conventional FTA. BN as a
well-known graphical model illustrates the causal relation-
ships between key factors (causes) and one or more final
outcomes in a system. BN analysis may be qualitative, quan-
titative, or both, depending on the scope of the analysis as
well as FTA and it is popular in statistics, machine learning,
artificial intelligence, and risk and reliability analyses [42].
Additionally, BN has also been widely applied in numerous
risk and reliability studies [43–46], improving the safety per-
formance of a system [47–50], updating failure probability
[51–53], mapping static or dynamic FTs into corresponding
BNs [54–58], and in recent work combining BN and petri
nets aimed to analyze dynamic safety system [59].

Regarding to our definition and sight of the concept of
“Interactive approach” and the first asked question as “Are
the models being used being the origin of the interactivity?”,
some changes have been made in the article and following
text is added to introduction part:

Besides of above-mentioned issues, FTAmethod is deeply
based on decision making process which can be divided
into the interaction level with the decision makers. There
are such methods that do not obtain the decision makers
preference information like as neutral compromise solution,
whereas there are interactive methods like as reference point
approaches in which the decision makers is asked for prefer-
ence information at each iteration. The concept of interactive
approach in decisionmaking process is a hands-on and a real-
world approach. It helps assessors during risk assessment
procedure beingmore engaged and retainmorematerial, with
or without a form of technology. Interactive FTA method
assistances assessors reinforce problem-solving and critical
thinking skills. Among two common mentioned approaches,
the former obtains the decision makers preference informa-
tion before generating alternatives, whereas the latter gathers
the decision maker’s preference information after generating
alternatives. In some studies, ‘no preference’ and ‘a posteri-
ori’ methods are classified as ‘generating methods’, and ‘a
priori’ and ‘interactive’ methods are classified as ‘preference
based methods’. Thus, in this study, because of an interactive
approach due to decisionmaking procedure is introduced and

utilized to improve FTA with consideration of uncertainty
handling [60, 61].

The main purpose of this paper is to provide new frame-
work 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 prob-
ability (FP) of the top event (TE) in FTA. Firstly, a new
knowledge acquisition technique based on interval 2-tuples
andFAHP is introduced tomodel the variety andvagueness of
knowledge information in tacit knowledge acquisition. Sec-
ondly, BN is used to handle the lack of conventional FTA
either in a crisp or fuzzy environment. InSect. 3, the practical-
ity and usefulness of the proposed approach is demonstrated
by a numerical example in an automotivemanufacturing pro-
cess fault. The concluding remarks and recommendation for
further studies are presented in the last section.

2 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; accordingly, the modeling part using
FTA and BN is 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 possibili-
ties 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.

2.1 Developing fault tree analysis

Fault tree (FT) is an effective graphical tool commonly used
in process risk accident analysis [62–64]. A FT is a top-down
logic diagram that illustrates the interrelationships between
a potential critical event in a system and the causes of this
event. In the diagram, the causes at the lowest level are named
BEs and may be component failures, environmental condi-
tions, human errors, and normal events (i.e., events that are
expected to occur during the life span of the system) [65].
FTA is a deductive method meaning that the reason back-
ward in the contributing arrangement of a specific event. It is
started with a specified potential critical event in the system,
named the TE of the FT. The BEs either alone or in com-
bination using intermediate event (IEs) lead to the TE are
identified and linked using logical AND/OR gates to the TE
[66]. All BEs, from the TE to the down are supposed to be
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Fig. 1 The proposed framework

binary events that either occur or do not occur, which means
that FTA is also deterministic method. In other words, once
a FT is developed and all the states of the BEs are known,
the TE and the states of all IEs are also known. This proce-
dure is continued deductively until a suitable level of detail
is reached [67, 68]. To compute the probability of TE in
a quantitative analysis, following conventional assumptions
and mathematical operations can be performed:

POR � 1 −
n∏

i�1

(1 − Pi ) (1)

PAND �
n∏

i�1

Pi (2)

Once the probability of each BE as an input data is known,
accordingly the probability of TE can be computed. Input
data for BE are divided in five categories including non-
repairable component, repairable component, periodically
tested component, frequency, and on-demand probability in
this regards; however, the computation based on each cate-
gories are different. However, in the FTA sometimes there is
lack of information to obtain failure rate for all BEs. There-
fore, three other ways like as expert judgment, extrapolation,
and statistical may be engaged as a trustworthy alternative
way. In this study, expert judgment is used for to compute
the probability of all BEs.

2.2 Bayesian updatingmechanism

A Bayesian network (BN) is a graphical model which shows
the causal relationships between causes and one ormore final
outcomes in a system. Known as an interface probabilis-
tic method, BN made up of nodes and directed arcs in an
interface probabilistic method. A node describes a state or

condition, an arc indicates a direct influence, and probability
tables to represent a set of random variables and the condi-
tional dependency among them. Probabilities can be inserted
into the BN in order to find the probability of the outcome;
same as FT. The flexibility of BN structure and its probabilis-
tic reasoning engine has enough capability for risk analysis
in the large and complex systems [51, 57, 58, 69–74]. In
a BN model, both forward and backward analysis could be
performed. A forward analysis is accomplished to estimate
the probability of unknown variables by following the arcs
of the network. On the other hand, the backward analysis is
performed by following the network arcs in opposite direc-
tion to update the probability of known variables based on
some evidence [75].

Assuming the conditional dependencies of variables, BN
shows the joint probability distribution P(U ):

P(U ) �
n−1∏

i�1

P(Xi |Xi+1, . . . Xn) (3)

where U � {X1, X2, . . . , Xn} and Xi+1 is the parent of Xi .
Accordingly, the probability of Xi can be computed as:

P(Xi ) �
∑

U\Xi

P(U ) (4)

The main advantage of BN is in a probability updating.
This information is commonly based on expert knowledge or
becomes available in the lifecycle of processes, such as acci-
dents, incidents, near misses, mishaps, etc. Based on Bayes
theorem, BN can be used to update the prior probability of an
event (E), explanation the updated or posterior probabilities:

P(U |E) � P(U ∩ E)

P(E)
� P(U ∩ E)∑

U P(U ∩ E)
(5)
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To obtain more information once can refer to the Jensen
and Nielsen [47].

2.3 Expert judgment

Expert knowledge is affected by individual visions and
purposes [76]. Therefore, it is very difficult to assess the com-
plete impartiality of expert knowledge. Themain challenge is
the selection of heterogeneous specialists (e.g., either scien-
tists 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 [77, 78]. 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 consid-
ered. Thus, using the FAHPmethod can handle this problem.
Accordingly, each expert is evaluated based on the four cri-
teria: education, job tenure, experience, and age. FAHP as a
first preliminary is explained as follows.

Preliminary 1 Fuzzy Analytical Hierarchy Process (FAHP).

ConventionalAHPas awell-knownmethod iswidely used
in multi-criteria decision making issues. AHP originally is
introduced by Saaty (2010) [79] to deal with the complexity
of decision problems using hierarchy of decision layers. Due
to the breaking the problem into the several layers and unable
to subjective practical approach (capability of reflecting the
human thinking), hence, the FAHP has been developed to
solve the AHP problems [80]. Additionally, the subjectivity
should be avoided in order to achieve more credible and reli-
able results [75]. In this regards, the main extension of the
FAHP techniques under trapezoidal and triangular member-
ships are introduced by [81, 82].

Stage 1 let ãki j �
(
ãki j1, ã

k
i j2, ã

k
i j3

)
, (i �

1, 2, . . . , (n − 1), j � 2, 3, . . . , n) be the fuzzy rela-
tive importance by comparing criterion i with criterion j
provided by kth expert. Then, the aggregated fuzzy relative
importance ãi j is obtained as follows.

ãi j �
(

K∑

k�1

λk · ãki j1,
K∑

k�1

λk · ãki j2,
K∑

k�1

λk · ãki j3
)

(6)

where λ > 0(k � 1, 2, . . . K ) and satisfying
∑K

k�1 λk � 1.

Stage 2Pairwise comparisonmatrices aremade in the dimen-
sions of the hierarchy procedure throughout all the defined
criteria. Experts’ opinions in quantifiable terms are allocated
by considering the importance of pairwise comparison.

Ã � [
ãi j

] �

⎡

⎢⎢⎢⎣

1 ã12 · · · ã1n
1/ã21 1 · · · ã2n

...
1/ãn1

...
1/ãn2

. . .
· · ·

...
1

⎤

⎥⎥⎥⎦ (7)

when criterion i is of relative importance to criterion j,
ãi j � 1̃, 3̃, 5̃, 7̃, 9̃. In contrast, when criterion j is of rela-
tive importance to criterion i, ãi j � 1̃, 3̃−1, 5̃−1, 7̃−1, 9̃−1.
In a situation i � j, ãi j � 1.

Where relative importance 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 compar-
ison matrix. Considering A � [

ai j
]
as a positive mutual

matrix and Ã � [
ãi j

]
is a fuzzy positive mutual matrix. As it

discussed in [81], if A � [
ai j

]
is consistent, Ã � [

ãi j
]
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 the incon-
sistency of the comparison matrix, the evaluation procedure
should be repeated to improve the consistency [20].

Stage 4Using the geometric meanmethod, the fuzzy weights
of fuzzy comparison values between criteria is calculated by
Eq. (8) as follows.

r̃i � (ãi1 ⊗ ãi2 ⊗ · · · ⊗ ãin)
1/n (8)

where ãin is a fuzzy comparison values of criterion i to cri-
terion n.

Stage 5 For each criterion, the fuzzy weights are defined as
follows.

w̃i � r̃i ⊗ (r̃1 ⊕ r̃2 ⊕ · · · ⊕ r̃n)
−1 (9)

w̃i is defined as a fuzzy weight of criterion i and w̃i �
(lw̃i ,mw̃i , uw̃i )which are included lw̃i ,mw̃i , and uw̃i jus-
tify the lower, middle and upper value of the fuzzy weights
of criterion i, respectively.

Stage 6 Defuzzification procedure. The significant step in
fuzzy multi-criteria decision making is defuzzification pro-
cedure which locates the best non-fuzzy performance (BNP)
value. There are many technique are available for defuzzi-
fication including center of area (CoA), mean of maximum
(MoM), and α − cut . CoA is known as a more simple and
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Fig. 2 Membership function for pairwise comparison importance of criterion j

Table 1 The fuzzy corresponding number for relative importance com-
parison to criterion

Fuzzy number Qualitative terms Triangular fuzzy
number

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

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

5̃ Strongly important (SI) (3, 5, 7)

3̃ Weakly important (WI) (1, 3, 5)

1̃ Equally important (EI) (1, 1, 3)

3̃−1 Weakly unimportant (WU) (1/5, 1/3, 1)

5̃−1 Strongly unimportant (SU) (1/7, 1/5, 1/3)

7̃−1 Very strongly unimportant
(VSU)

(1/9, 1/7, 1/5)

9̃−1 Absolutely unimportant (AU) (1/9, 1/9, 1/7)

practical technique; therefore, it is used to compute the BNP
value of the fuzzy weights of each dimension.

X∗ � ∫ υi (x)xdx

∫ υi (x)dx
(10)

where X*�Defuzzified output; υi (x) � Aggregated mem-
bership function; x=output variable.

Defuzzification of triangular fuzzy number Ã � (a1, a2,
a3) is:

X∗ � ∫a2a1 x−a2
a2−a1

xdx + ∫a3a2 a3−x
a3−a2

xdx

∫a2a1 x−a2
a2−a1

dx + ∫a3a2 a3−x
a3−a2

dx
� 1

3
(a1 + a2 + a3)

(11)

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 a second preliminary as follows.

Preliminary 2 Intuitionistic fuzzy set (IFS).

Atanassov (1986) [83] presented Intuitionistic fuzzy set
(IFS) to deal acceptably with ambiguity as an extension of
the classical model introduced by Zadeh [24] which includes
the membership and non-membership functions and hesita-
tion margin groups. Xu (2011) [84] indicated that the IFS
data are more comprehensive than the fuzzy conventional
set with only a membership function. Chang and Cheng,
(2010), Chang et al. (2010) [85, 86] showed that IFS is a
proper approach to deal with ambiguities and uncertainties
in failure mode and effect analysis (FMEA) as an efficient
risk assessment technique. Figure 3 illustrates the interrela-
tions among crisp sets, fuzzy sets, and IFS. The definition of
IFS and the related issues are provided as follows [87, 88]:

Definition 1 ConsideringX as a fixed set, intuitionistic fuzzy
S in X is introduced:

S � {〈x, μS(x), νS(x)〉|x ∈ X }, (12)

where μS(x) and νS(x) ∈ [0, 1] are denoted as a degree
of membership and non-membership functions, respectively,
and satisfy 0 ≤ μS(x) + νS(x) ≤ 1,∀x ∈ X .

In addition, the hesitation degree of x ∈ S indicates the
degree of uncertainty of x to S and is given as πS(x) � 1 −
μS(x)−νS(x), and clearly satisfies 0 ≤ πS(x) ≤ 1,∀x ∈ X .

It is obvious that the value of x is more uncertain or cer-
tain when the value of πS(x) is large or small, respectively.
Moreover, as illustrated in Fig. 4 considering both continu-
ous functions of μS(x) and νS(x), IFS clearly regresses the
conventional fuzzy set whenμS(x) � 1−νS(x). In addition,
IFS reduces into a crisp set in special cases when the value
of μS(x) � 1 − νS(x) is equal to 0 or 1.
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Fig. 3 Interrelations between crisp sets, fuzzy sets and IFS [89]

Fig. 4 Intuitionistic fuzzy sets [90]

The set (μS(x), νS(x)) is called an intuitionistic fuzzy
number in IFS and α � (μS(x), νS(x)) simply represents
each IFN, where μα ∈ [0, 1] and να ∈ [0, 1], and also
satisfies μα + να ≤ 1. It should be noted that for an IFN
α � (μα, να), α+(1, 0) and α−(0, 1) are nominated as the
largest and smallest IFNs, respectively.

Definition 2 Let α1 � (
μα1 , να1

)
and α2 � (

μα2 , να2

)
be

two IFNs, and the intuitionistic fuzzy distance (IFD) between
α1 and α2 is illustrated as follows:

dI FD(α1, α2) � |α1 − α2| � 1

2

(∣∣μα1 − μα2

∣∣ +
∣∣να1 − να2

∣∣)

(13)

The next stage of the procedure presents the aggregation
of experts’ opinions in an intuitionistic fuzzy environment.

2.4 Aggregation procedure

According to IFS, the linguistic terms are defined as intu-
itionistic fuzzy numbers (IFNs) that are presented in Table 2

Table 2 Rating for possibility of each BE

Linguistic terms IFNs

Extremely low (EL) (0.10, 0.90)

Very low (VL) (0.25, 0.70)

Low (L) (0.30, 0.60)

Fairly low (FL) (0.40, 0.50)

Medium (M) (0.50, 0.50)

Fairly high (FH) (0.60, 0.30)

High (H) (0.70, 0.20)

Very high (VH) (0.75, 0.20)

Extremely high (EH) (0.90, 0.10)

for the possibility of each BE. The theoretical basis for the
transformation between linguistic terms and IFNs in Table
2 are provided in details by Liu et al. (2014) [60] and sub-
sequently the detail reasons of why linguistic terms can be
defined as IFNs are provided by Zhao (2016) [91, 92]. Thus,
the employed experts express their opinion due to the possi-
bility of occurrence foe each BE using IFNs.

In recent years, Xu (2007) [93] has introduced an exten-
sion of the intuitionistic fuzzy-hybrid-weighted Euclidean
distance (IFHWED) operator to aggregate experts’ opin-
ions and order them when the linguistic 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, and both IFWED and IFOWED are
developed by Zeng (2012) [94]. The principal superior-
ity 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 differ-
ent 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 � (i � 1, . . . ,m).

αi j � I FW A
(
α1
i j , α

2
i j , . . . , α

n
i j

)
�

n∑

k�1

λkα
k
i j

�
[
1 −

n∏

k�1

(
1 − μk

i j

)λk
,

n∏

k�1

(
νki j

)λk

]
(14)

where αi j � (
μi j , νi j

)
is the final aggregated subjective

opinions in terms of IFN, αk
i j �

(
μk
i j , ν

k
i j

)
is the IFN that is

transferred by the corresponding linguistic terms according
to an experts’ opinion, λk is the given weight to each expert
according to fuzzy AHP that represents the importance of
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his/her opinion on BEi , and satisfies λk > 0 (k � 1, . . . , n)

and
(∑n

k�1 λk � 1
)
.

Next, to make reliable decisions with consideration of
maintenance actions, the intuitionistic fuzzy output is con-
verted into the crisp value using Eq. 13. However, Boran
et al. (2009) [95] showed that Eq. 14 can be normalized to
Eq. 15. Additionally, Anzilli and Facchinetti (2016) [96] rep-
resented that, Eq. 15 can be considered as a defuzzification
IFNs which obtained by:

ValS(x) � 1

2
× (1 + μS(x) − νS(x)) (15)

2.5 Computing the failure probability of BE and TE

Once the crisp value as a possibility of an input event (BE)
is computed then the possibility is converted to probability
using Onisawa equations as follows [97, 98].

FP �
{
1/10K , CFP � 0
0, CFP � 0

, K �
[(

1

CFP
− 1

)]1/3 × 2.301

(16)

where FP is denoted as failure probability of each BE and
CFP is signifies 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.

2.6 Identifying the critical BEs

For this purpose, several importance measures (IMs) have
been developed to measure the relative importance of a BE,
to compare with other BEs, regarding to the TE [99]. To
obtain the IMs of each BE, two different sources is nec-
essary to be considered. Firstly, the probability of the BE
and secondly, the place of BE in FTA. Therefore, IMs help
to determine how much the TE probability changes when
one or more input parameters are changed. This informa-
tion could assist as a valuable source of data for resource
allocation such as upgrade, maintenance, and etc. and helps
stakeholders in improving system dependability including
safety, reliability, availability, and etc. [59]. In conventional
FTA, different IMs such as Birnbaum importance measures
(BIM), Fussel-Vesely importancemeasures, andRiskReduc-
tionWorth (RRW) [100] are widely used. Cheok et al. (1998)
[101] presented how these different measures can be com-
puted. In this paper, BIM as a significant tool in IMs is used.
It is obtained by partial differentiation of the TE probability
with respect to probability of each BE and signifies a clas-
sical sensitivity measure. If IBIMBEi

is large, a small change in
probability of BE will leads to a comparatively large change
in the TE probability. Let P{T E |BEi } and P

{
T E |BE∗

i

}

be the conditional probability of the TE, when it is known
that basic event i has occurred BEi and not occurred BE∗

i ,
respectively [102]. In our proposed framework, it is used the
BIM of BEs as follows:

I B I MBEi
� P(T E |BEi ) − P

(
T E |BE∗

i

)
(17)

Based on BIM, first, the TE probability P(T E |BEi )

is computed by assuming that basic event i has occurred.
Then, the TE probability

(
T E |BE∗

i

)
is computed when it is

assumed that the BE has not occurred.

3 Empirical case study

In order to implement the proposed framework, a fluid fill-
ing system as the most critical and complex equipment in an
automotive production process was evaluated. The reliabil-
ity 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 operational
costs and equipment breakdown, and ultimately a downtime
in the assembly lines. Speaking of the latter, an effective
management of fluid filling system through the reducing the
risk of unexpected events can enhance the safety of opera-
tors and vehicle drivers. Figure 5 shows the outer (a) and
inner (b) views of the fluid filling system and its process
description (flow diagram). The system takes care of leakage
test through producing pressure and vacuum as well as fill-
ing/charging and leveling different fluids in paths and pipes
of vehicles. The fluid volume varies in different vehicles,
based on the existing standards. 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.

Figure 6 displays a scheme of the fluid filling system
including the hydraulic–pneumatic circuit, the electronic cir-
cuit and the filling head set. The filling pump is used for
fluid injection, the pressure set controls the required pres-
sure, and the pipes and fittings are designed to carry air and
other fluids. The electronic circuit includes a programmable
logic controller (PLC) which supports several sensors, anti-
lock braking system (ABS) and starter. The filling head set
is mounted on the vehicles. The critical components of this
set include mini-valves, pipes, couplings and sealing.

The pumps, especially the vacuum pump, operate more
often and they are active in all of filling process. Therefore,
they are subjected to a higher occurrence of failures. The
major failure modes for pumps are filtering failure, corrosive
bearing and seals failures. The main failure modes for filling
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(a) (b)

Fig. 5 Process description of the fluid filling system

The fluid 
filling

 system 

Hydraulic-pneumatic 
circuit 

• Vacuum pump
• Fluid pipes
• Filling pump
• Breaker pressure set
• Valves 

Electronic circuit 

• Sensors
• ABS
• Starter Filling head set

• Seals  
• Mini-valves 
• Head pipes

• Couplings

Fig. 6 The structural diagram of the fluid filling system

head set are couplings, mini-valves and seals. The failure
modes for electronic circuit are sensors, ABS and starter.

According to mentioned process description, failure in
fluid filling system is considered as a TE, and accordingly
FT is developed illustrated in Fig. 7.

The identified 34 BEs, which contribute directly and/or
indirectly to the specifiedTE considering common cause fail-
ures (CCFs), are shown in Table 3. To compute the FP ofBEs,
an expert judgmentmethod is employed.As itmentioned ear-
lier, in this study, because of advantages of heterogeneous
group of expert to compare with homogenous one, three
specialists as heterogeneous group of expert with different
backgrounds was employed to compute the FP of all 34 BEs

in which the qualitative terms based on experts’ opinions are
shown in Table 3.

Expert No. 1 A mechanical expert as a maintenance tech-
nician working in different kinds of fluid filling process
with bachelor certificate.
Expert No. 2 An experienced process technician working
in different kinds of process industry.
Expert No. 3 A senior fluid filling process engineer from
the maintenance and operation department with master
certificate.
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Fig. 7 Fault tree for the failure in fluid filling system

FAHPmethod was used to compute each expert’s capabil-
ity and assigning the respectiveweights. The systemof expert
information is illustrated in Fig. 8, and the expert profile and
weights are shown in Table 4.

Let’s take, as an example, that BE.24 “valve bearing fail-
ure”. With respect to the definition of IFNs presented in
Table 2 and Fig. 4, the qualitative terms, given by three
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Table 3 Details of the BEs of
FT of Fig. 7

BE tag BEs description Expert 1 Expert 2 Expert 3

BE.1 Effected more function (CCF) VH M M

BE.2 High pressure of fluids (CCF) VL M M

BE.3 Hitting due to falling M H M

BE.4 Operation error (CCF) M H VH

BE.5 High pressure liquefied material VL M FL

BE.6 Leakage (CCF) VL VH H

BE.7 Effected more function (CCF) FH H FL

BE.8 High pressure of fluids (CCF) FH M FL

BE.9 Effected more function (CCF) FL M M

BE.10 PLC circuit disturbance FL VL FL

BE.11 Disturbance in PLC circuit VL VL M

BE.12 Operation error (CCF) VL VH VH

BE.13 Failure of the power button FL VH VH

BE.14 Adapter failure H VH H

BE.15 Disruption of cable H VH H

BE.16 Effected more function (CCF) FH FL FL

BE.17 Abrasive of valve spool FL FL M

BE.18 Abrasive of activator VL FL FL

BE.19 Filter fail by effected more function FL M FL

BE.20 Rotor fail by effected more function FL FL FL

BE.21 Blade fail by effected more function FL FL FH

BE.22 Electromotor failure by effected
circuit faults

L FL M

BE.23 Fatigue and strain of spring by
effected more pressure

M M M

BE.24 Bearing failure VL FL L

BE.25 Electromotor failure VL FL FL

BE.26 Goring the wears VL FL FL

BE.27 Effected more function (CCF) VL FL L

BE.28 High pressure of fluids (CCF) VL FL L

BE.29 Pipe rupture VL FL VH

BE.30 Leakage (CCF) FL VH M

BE.31 Corrosion FL FL FH

BE.32 Excessive of system pressure M L FH

BE.33 Spring fails of pressure control valve FL M FH

BE.34 Failure and abrasive of activator VL FL FL

experts, fall into “VL”, “FL”, and “L” categories. The inte-
grated IFNs using Eq. 14 is attained as follows:

α
BE24
i j �

[
1 − (1 − 0.25)0.327 × (1 − 0.4)0.158

× (0.3)0.515, (0.7)0.327 × (0.5)0.158 × (0.6)0.515
]

� (0.301, 0.613)

Using Eqs. 15 and 16, the FP of BE.24 is computed to be
as:

Expert capabilities

Job field Experience

Expert 1 Expert 2 Expert 3

Education level

Fig. 8 Fuzzy AHP index system of respective expert capabilities
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Table 4 Experts’ profile and
related decision weights

No. Job field Experience (years) Education level Weighing scores

Expert 1 Process operator 10 BSc 0.327

Expert 2 Process technician 2 BSc 0.158

Expert 3 Process engineer 10 MSc 0.515

Table 5 Failure probability and
importance measures of the BEs
based on the proposed FTA
approach and the conventional
approach

Tag Conventional approach [68] Proposed FTA approach based
on IFNs

Failure
probability

BIM Rank Failure
probability

BIM Rank

BE.1 0.011099337 0.002 31 0.01078434 0.002 32

BE.2 0.001955927 0.009 29 0.00309795 0.009 29

BE.3 0.007907948 0.797 6 0.00719110 0.799 12

BE.4 0.025290166 0.811 3 0.01884999 0.808 3

BE.5 0.000961983 0.791 23 0.00247050 0.795 22

BE.6 0.007588868 0.797 8 0.01366038 0.804 6

BE.7 0.007779303 0.797 7 0.00866746 0.800 8

BE.8 0.004521893 0.794 13 0.00629065 0.798 15

BE.9 0.003515498 0.001 34 0.00448106 0.005 30

BE.10 0.000817501 0.003 30 0.00681942 0.004 31

BE.11 0.000531094 0.791 28 0.00234944 0.795 23

BE.12 0.019881110 0.807 5 0.01526709 0.805 5

BE.13 0.024562076 0.810 4 0.01825574 0.808 4

BE.14 0.042117127 0.825 1 0.02610237 0.814 1

BE.15 0.042117127 0.825 2 0.02610237 0.814 2

BE.16 0.003279533 0.793 17 0.00597875 0.798 16

BE.17 0.002571485 0.793 18 0.00423577 0.796 18

BE.18 0.000635664 0.791 24 0.00228806 0.795 26

BE.19 0.002050861 0.792 19 0.00369692 0.796 19

BE.20 0.001484770 0.792 21 0.00346594 0.796 20

BE.21 0.004056781 0.794 15 0.00774903 0.799 11

BE.22 0.001694268 0.792 20 0.00339794 0.796 21

BE.23 0.005000345 0.795 11 0.00500035 0.797 17

BE.24 0.001271484 0.792 22 0.00140252 0.794 28

BE.25 0.000635664 0.791 26 0.00228806 0.795 24

BE.26 0.000635664 0.791 27 0.00228806 0.795 25

BE.27 0.001271484 0.001 32 0.00140252 0.001 33

BE.28 0.001271484 0.001 33 0.00140252 0.001 34

BE.29 0.004092129 0.794 14 0.01112553 0.802 7

BE.30 0.006441994 0.796 9 0.00685279 0.798 14

BE.31 0.004056781 0.794 16 0.00774903 0.799 10

BE.32 0.004835925 0.794 12 0.00717513 0.799 13

BE.33 0.005519071 0.795 10 0.008109160 0.799 9

BE.34 0.000635664 0.791 25 0.002288060 0.795 27

TE 0.209462704 0.207039881
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Fig. 9 Bayesian Network of the fault tree in Fig. 7

ValS(x) � 1

2
× (1 + 0.301 − 0.613) � 0.344

FPBE24 � 1

10

[(
1

0.344−1
)]1/3×2.301

� 0.00140252.

Using Eq. 17, the Birnbaum importance measure for
BE.24 is computed as follows:

I B I MBE24
� 1 − 0.205926177 � 0.794

The FP and BIM of all BEs in both conventional approach
[68] and the proposed model based on IFNS are shown in
Table 5.

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 theBN are defined based on the values shown in
Table 3 and corresponding values provided in Table 5 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 corresponds to the TE of the FT.

Now running a query on this node would return the value
of system unreliability. The value of system unreliability
for the system obtained from the BN model in both con-
ventional approach and proposed approach is 0.17920899

and 0.17573203, respectively. The system unreliability was
also calculated using the conventional FT approach and new
FT approach based on IFNs, and the value obtained were
0.209462704 and 0.207039881, respectively. To compare the
unreliability results, the both BN approaches are less than
FT approaches. For example, the proposed BN approach
is 15.12% less than the value computed by the new pro-
posed FT based approach. In a same way, the conventional
BN approach is 14.44% less than the value estimated by
the conventional FT based approach. That is because the
conventional FT approaches do not consider the statistical
dependence among the events and also 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 basic event as BE.4. For a similar reason, nodesG.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 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 fail-
ure. This information will help to assessors and responsible
decision makers to improve the system reliability by taking
the necessary corrective actions or by putting more design

123

Downloaded from http://iranpaper.ir
http://www.itrans24.com/landing1.html



International Journal on Interactive Design and Manufacturing (IJIDeM)

Table 6 Importance measures of the BEs based on the proposed BN
approach and the conventional BN approach

Tag Conventional
approach [75]

Proposed BN
approach based on
IFNs

IBM Rank IBM Rank

BE.1, 7, 9, 16, 27 0.825238 8 0.829463 12

BE.2, 8, 28 0.822917 14 0.827244 17

BE.3 0.827334 5 0.830238 11

BE.4, 12 0.839757 4 0.838573 4

BE.5 0.821581 20 0.826309 20

BE.6, 30 0.826590 6 0.832810 7

BE.10 0.000000 26 0.000000 26

BE.11 0.821227 25 0.826209 21

BE.13 0.841459 3 0.839595 3

BE.14 0.856880 1 0.846360 1

BE.15 0.856880 2 0.846360 2

BE.17 0.822907 15 0.827774 15

BE.18 0.821313 21 0.826158 22

BE.19 0.822478 16 0.827327 16

BE.20 0.822012 18 0.827135 18

BE.21 0.824134 12 0.830705 10

BE.22 0.822184 17 0.827078 19

BE.23 0.824916 9 0.828410 13

BE.24 0.821836 19 0.825426 25

BE.25 0.821313 22 0.826158 23

BE.26 0.821313 23 0.826158 24

BE.29 0.824164 11 0.835453 5

BE.31 0.824134 13 0.832610 8

BE.32 0.824780 10 0.832129 9

BE.33 0.825346 7 0.832912 6

BE.34 0.821313 24 0.828053 14

TE probability 0.17920899 0.17573203

determinations on the feeblest part of the system. Accord-
ingly, 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 reliabil-
ity 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. 17. The results of the
evaluation are shown in Tables 5 and 6 for both FT and BN
based approaches. According to the results shown in Table 5
which is FTA based, BE.14 (Adapter failure) contributes the
most to the TE probability, thus, ranked as the most critical
component. The second most critical BE is BE.15 (Disrup-
tion of cable). These failures are mainly related to electronic

circuit of fluid filling system. It can be mentioned that to
achieve a high reliability and safety, a parallel configuration
of such components should be considered as efficiently as
possible. When the both BN and FT ranking are compared,
it is obvious that both approaches agree on the ranking of
most of the components. However, there are some disagree-
ments between the four approaches regarding the ranking of
BEs. For instance, theBN-based approaches rankedBE.10 as
the least critical BEwhereas the conventional FT approached
rankedBE.29 and proposed FT approaches BE.28 as the least
critical BE. Authors surely with high confidence believe 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 improv-
ing knowledge acquisition which is collated from experts
using linguistic terms and their corresponding IFNs.

4 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. Bayesian
network mechanism is engaged in a same way to handle the
shortages of conventional FTA as well. The study results
highlight an improvement in the completeness and enhance-
ment in the probability computation for a fluid filling system
fault in a production process as a case study. Additionally,
comparing the results of existing techniques [68, 75] and the
proposed approaches showed that uncertainty factors about
the reliability 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:

• 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.

• Fuzzy knowledge in expert systems, like human cognition
and thinking, can be accustomed automatically following
the changing environment through our BN model based
on IFNs. 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 information.
FTA as a statistic analysis means that the assessors cannot
analyze in deductive reasoning way whereas the BN can
deal with this considerable lack.

• CCFand conditional dependencies between identifiedBEs
are common fact in conventional FTA, and many methods
are available like as using Beta factor to handle mentioned
dependencies which seems that they are not more effective
and efficient tools, whereas BN using conditional proba-
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bility and graphical representation has high superiority to
handle dependencies.

In addition, interactive FTA suggests a process that a
dynamic and mutual relation will create among all factors
and parameters of risk assessment and the effects of each
factor or parameters on final risk assessment will be consid-
ered. In actual fact, the key axis of the suggested approach
is comprehensive interaction with all various aspects of risk
assessment procedure, since the assessment problems based
on decision makers’ opinions have commonly multi-aspects,
mostly. Therefore, the interactive approach can be able to
eliminate the challenges and create the fields of sustainable
risk assessment and cope with uncertainty through an effec-
tive method.

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.Maintenance optimiza-
tion in terms of time and cost can be considered for future
study by using Bi-objective optimization function like as
[103]. The case study presented in this article provides assur-
ance 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. Fur-
thermore, the IFNs which are used in this paper may be
considered as traditional IFNs in fuzzy logic concepts. In
recent years, there are many extension to IFNs have been
performed like spherical IFNs which can be utilized for
further studies. An argumentation on uncertainty treatment
and comparing results using methods like as probability and
Dempster-Shafer theory may consider for further studies.
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