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A NEW APPROACH IN FAILURE MODES AND EFFECTS
ANALYSIS BASED ON COMPROMISE SOLUTION BY
CONSIDERING OBJECTIVE AND SUBJECTIVE WEIGHTS
WITH INTERVAL-VALUED INTUITIONISTIC FUZZY SETS

7. HAJIGHASEMI AND S. M. MOUSAVI

ABSTRACT. Failure modes and effects analysis (FMEA) is a well-known risk
analysis approach that has been conducted to distinguish, analyze and miti-
gate serious failure modes. It demonstrates the effectiveness and the ability of
understanding and documenting in a clear manner; however, the FMEA has
weak points and it has been criticized by some authors. For example, it does
not consider relative importance among three risk factors (i.e., O, S and D).
Different sequences of O, S and D may result in exactly the same value of
risk priority number (RPN), but their semantic risk implications may be to-
tally different and these three risk factors are difficult to be precisely expressed.
This study introduces a new interval-valued intuitionistic fuzzy (IVIF)-decision
approach based on compromise solution concept that defeats the above weak
points and improves the traditional FMEA’s results. This study firstly employs
both subjective and objective weights in the decision process simultaneously.
Secondly, there are two kinds of subjective weights performed in the study: ag-
gregated weights obtained by experts’ assessments as well as entropy measure.
Thirdly, this approach is defined under an IVIF-environment to ensure that
the evaluation information would be preserved, and the uncertainties could be
handled during the computations. Hence, it considers uncertainty in experts’
judgments as well as reduces the probability of obtaining two ranking orders
with the same value. Finally, the alternatives are ranked with a new collective
index according to the compromise solution concept. To show the effective-
ness of the proposed approach, two practical examples are solved from the
recent literature in engineering applications. The proposed decision approach
has an acceptable performance. Also, its advantages have been mentioned in
comparison with other decision approaches.

1. Introduction

Failure modes and effects analysis (FMEA) is an analytical approach to define,
identify and eliminate the known and potential failures, errors, and problems from
system, design, process or service before reaching to customers. When FMEA is
applied to criticality analysis, it is assigned as failure modes, effects and criticality
analysis (FMECA). Firstly, in the 1960, the aerospace industry had used the tool as
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an official method to evaluate the effects of system failures on mission accomplish-
ments, staff and equipment safety. It is a bottom-up approach and help designers
and analysts to identify and correct failure modes and improve the system in design
and manufacturing levels [8, 27, 30, 32, 35]. Representing its capability, it has been
applied to other industries, such as car manufacturing, electronics and medical in-
dustries. Feili et al. [14] have employed FMEA in renewable energy industry and
have used it as a powerful tool for identifying and eliminating potential failures of
geothermal power plants (GPPs). Zeng et al. [43] have employed FMEA as a risk as-
sessment tool for achieving continuous improvement in implementing an integrated
management system (IMS). Healthcare is another field that received researchers’
attention [34]. Chanamool and Naenna [6] have studied decision-making processes
in health organizations and improved it by applying FMEA for the risk assessment
of work processes. Kumru and Kumru [17] have also employed FMEA for continu-
ous improvement of purchase process in hospitals. Increasing reliability and safety
of medical products through managing the risks during medical product develop-
ment process [16], and analyzing and mitigating the risks of computer-controlled
systems [3] are some of new applications of FMEA in different industries in the
recent years.

Because of diversity of failures in system and resource restriction in organizations
to perform corrective actions, it is important to prioritize the failure modes and
devote resources to the high risk failure modes [9, 19]. To rank failure modes, risk
assessment in FMEA is performed by developing a risk priority number (RPN) to
determine the most serious risks for corrective actions. RPN is aggregation index
which is obtained by multiplying three risk factors, denoted by O, S and D.

RPN = $*D*0 (1)
where O is probability of occurrence, S is related to severity of the failure mode
and D is probability of not detecting the failure. These three factors are expressed
in 1-10 rating scale and are used to calculate the RPN. The more the RPN, the
more the risk of each failure mode and the corrective actions should be done. After
performing the corrective actions, the RPN numbers should be recalculated to check
the efficiency of the performed actions and to know whether the risks are removed.

Although the FMEA is regarded as structured, capable and well-documented
method, it has been criticized for several weak points: (1) This method employs 3
risk factors without considering the difference in factors’ relative importance. It is
proved by several researchers and practitioners that the importance and effect of
severity is much more than loss of detection; however, both of these factors have the
same weight and effect in final result. This leads to the other drawback of FMEA.
(2) Different sequences of O, S and D may result in exactly the same value of RPN,
but their semantic risk implications may be totally different. The failure with safety
rate 9 and O and D rates of 1 has the same priority as failure mode with S and O
rates 9 and D rate of 9; however, the first one is much more critical. (3) Despite
the general idea about FMEA, its scores are not distributed uniformly between 0
and 1000. There are many holes and only 120 different combinations of risk factors
are possible. (4) Due to ordinal scale for factors’ evaluations, the final score is
not capable of comparing and measuring in terms of corrective actions. In fact,



A new approach in failure modes and effects analysis based on compromise solution by ... 141

after prioritizing the failure modes and performing corrective actions, RPN does
not have the capability of measuring the actions’ effectiveness, and the reduction
in RPN after performing corrective action does not show amount of reduced risk in
the system under consideration. (5) RPN is sensitive to variations in risk factors’
weights and this makes some doubts about the RPN method robustness. (6) Finally,
these three risk factors are difficult to be precisely expressed.

To overcome mentioned weak points, new methods and techniques are proposed
to improve the FMEA results. The technique for order of preference by similarity
to ideal solution (TOPSIS) is a extensively used method for conducting multiple
criteria decision-making (MCDM) problems [11]. Recently, Vahdani et al. [32]
and Kuo et al. [18] performed FMEA analysis using TOPSIS approach to rank the
alternatives. Also, analytical hierarchy process (AHP) by Braglia [5], decision mak-
ing trial and evaluation laboratory technique (DEMATEL) by Seyed-Hosseini et al.
[30] are proposed and applied to perform FMEA to overcome RPN’s weak points.
Moreover, some researchers focused on how to determine risk factors’ weights. Gen-
erally, subjective weights based on experts’ judgments are used to determine relative
weights among risk factors. Also, Ye [39] introduced entropy operator to determine
subjective weights based on performance matrix. Liu et al. [27] argued that consid-
ering both subjective and objective weights makes the FMEA more practical and
sensible. They used intuitionistic fuzzy hybrid weighted Euclidean distance (IFH-
WED) operator to simultaneously consider both objective and subjective weights
to obtain results. Recently, Liu et al. [22] have also employed both the subjective
and objective weights in the process of risk and failure analysis.

On the other hand, it is not easy to judge the alternatives with respect to criteria
in a precise manner. Surveys in different industries and applications show that in
practice the data available for failures analysis are incomplete due to data loss,
unreliability, data complexity or imprecision [3, 10, 16, 41]. Therefore, different
uncertainty approaches are used to enable the FMEA to analyze the uncertain
data. On this basis, several approaches are suggested for considering uncertainty
in the FMEA. Fuzzy sets theory, evidence theory and grey theory are well-known
theories applied to cover this deficiency. Du et al. [13] have used evidence theory to
express the experts’ imprecise opinions. Then, they have transformed them to crisp
ones by employing weighted averaging. The crisp data are analyzed and aggregated
using TOPSIS method. Grey theory has also been employed to aggregate and make
a final conclusion from uncertain and imprecise experts’ opinion [7, 20]. Zhou and
Thai [45] have employed fuzzy sets theory to calculate the failures’ risks expressed
by linguistic terms. Then, they have prioritized the failures based on grey relational
coefficient and found that the result of two methods are quite similar.

Meanwhile, fuzzy sets theory is the most famous theory for handling the informa-
tion under uncertain environments and has been employed by several researchers.
The triangular fuzzy numbers and trapezoidal fuzzy numbers were employed, re-
spectively, by Kuo et al. [18] to consider uncertainty in FMEA. Kirkire et al. [16]
have used triangular fuzzy numbers to manage the risks of failures during each
phase of medical product development process and the risks have been mapped
back to development phases. Yeh and Chen [41] have mentioned the traditional
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FMEA deficiency in precisely expressing the experts’ knowledge and have over-
come by using linguistic fuzzy variables. Baek et al. [3] have applied fuzzy FMEA
in offshore project. They have used linguistic fuzzy variables to confront the missing
or unreliable data of SCADA and imprecise experts’ opinions. Rachieru et al. [29]
have also shown that the fuzzy FMEA can help experts prioritize the failures more
precisely. Recently, 2-dimension uncertain linguistic generalized average operators
are developed to consider 2 dimensions of human judgments, and hence, to improve
decision-making process under uncertain environments [21, 23, 42].

After introducing intuitionistic fuzzy set (IFS) notions by Atanassov [2], it has
been extensively applied to consider uncertainty in different situations [7, 8, 22].
This is because of IFS’s feature in assigning membership and non-membership val-
ues in order to represent vagueness hidden in terms in more detail compared with
previous fuzzy types. Chang and Cheng [8] proposed a risk assessment methodol-
ogy using the IFSs in FMEA. They have applied DEMATEL method to calculate
the final rank of failures. In addition, Chang et al. [8] has analyzed the system
reliability and evaluation of redundancy place in system using linguistic intuition-
istic fuzzy variables. Liu et al. [27] have proposed a method based on IFSs theory
to improve scores’ aggregation in FMEA. They have applied intuitionistic fuzzy
weighted averaging (IFWA) operator to combine the experts’ judgments and then
using an intuitionistic fuzzy hybrid weighted Euclidean distance (IFHWED) as an
improved aggregation operator, prioritized the failures’ risks. Recently, Liu et al.
[22] have also proposed an intuitionistic fuzzy hybrid TOPSIS approach to prioritize
the failures risks and have highlighted the most serious failures.

Neutrosophic set (NS) is another uncertainty concept that is a generalization of
IFSs and introduced by Smarandache [31]. This concept enables decision makers
to use truth membership, indeterminacy-membership, and falsity-membership to
describe their opinions. Consequently, Liu and Wang [26] have proposed a single-
valued neutrosophic normalized weighted Bonferroni mean (SVNNWBM) operator
on the basis of Bonferroni mean, the weighted Bonferroni mean (WBM), and the
normalized WBM to aggregate the single-valued neutrosophic numbers.

In addition, the concept of generalized interval-valued trapezoidal fuzzy numbers
is another extension of fuzzy sets theory which is based on the concepts of gener-
alized trapezoidal fuzzy numbers and interval-valued fuzzy numbers. Liu and Jin
[28] have introduced some operations and rules of generalized interval-valued trape-
zoidal fuzzy numbers (GITFNs) and have proposed three generalized interval-valued
trapezoidal fuzzy weighted aggregation operators that can handle the information
hidden in uncertain data during aggregation phase of decision-making. Liu et al.
[28] have also proposed a method based on ordered weighted harmonic averag-
ing operators to improve decision-making process under generalized interval-valued
trapezoidal fuzzy environment. A power generalized average (PGA) operator and
an intuitionistic trapezoidal fuzzy power generalized weighted average (ITFPGWA)
operator have been proposed by Liu and Liu [25], which extend the aggregation op-
erators used in decision-making problems.

The concept of interval-valued intuitionistic fuzzy sets (IVIFSs) is also gener-
alized form of IFSs theory that can have a meaningful role in improving decision
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modeling. It considers membership and non-membership functions as interval val-
ues; and hence, has more potential to handle and trail vague situations rather than
IFSs [33, 36, 44]. As IVIFSs can properly handle the vagueness and ambiguity of
data, it can be a powerful way to deal with real-life problems. Recently, Hashemi
et al. [15] proposed an extended compromise ratio model under an interval-valued
intuitionistic fuzzy (IVIF)-environment.

Based on the above remarks, this paper presents a new IVIF-decision approach
based on compromise solution concept under an IVIF-environment. The main draw-
backs of FMEA that this paper aims to solve them are as follows: (1) Difficulty
in precise assessment of experts’ judgments. Because the FMEA result is directly
dependent on input data, and the data is obtained from an uncertain and vague
source of experts’ judgments, considering the uncertainty of judgments as complete
as possible, is a very important issue. (2) Relative importance weights of three
risk factors are assumed to be the same; Moreover, the traditional PRN formula is
very sensitive to variations of risk factors. Considering proper risk factors weight-
ing method, besides of taking into account uncertainty hidden in relative factors’
weights simultaneously, can insure overcoming these weak points. (3) The way
in which the RPN is obtained, is questionable. Since the risk factors are ordered
numbers, they cannot be multiplied. This issue makes the RPN prioritization re-
sults debatable. Moreover, if a new risk factor with different scales is added to risk
factors, the traditional RPN formula cannot be used anymore.

Based on mentioned traditional FMEA’s weak points, the main advantages of
proposed IVIF-decision approach can be described as below:

(1) The analysis is performed under an IVIF-environment to handle uncertain-
ties: this study uses IVIFSs that can possess more information about human
judgments by contemplating membership and non-membership functions as
interval values. Thus, it is less likely to lose information duration calcu-
lations and analysis. Moreover, by considering the compromise solution
concept, these characteristics help the proposed approach to have a clear
computational image, easy to understand steps and the ability to determine
the best option quickly.

(2) Objective weights are considered as well as subjective weights concurrently:
many authors have regarded only one of subjective or objective weights in
conducting FMEA (e.g., [7, 8, 9]); however, it is noticeable that none of
them without another is complete. Therefore, in this study, both subjective
and objective weights are concurrently employed.

(3) There are two kinds of subjective weights employed in this paper: this
study considers direct assessment as well as entropy measure to ensure that
the performance matrix is conforming to direct weights evaluation, and
therefore, results are more trustworthy.

(4) A new collective index is presented to rank failure modes in the final deci-
sion process. This index ranks alternatives on the basis of their weighted
Euclidean distances to positive and negative ideal points. In addition, this
new collective index provides capability of considering new risk factors in
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prioritizing of failure modes. It will be shown that this new index has an ac-
ceptance performance and the ability to help decision makers in evaluating
failure modes and choosing the most important ones.

The rest of this paper is arranged as follows: Section 2 introduces IVIFS and
relevant preliminaries, and section 3 presents the proposed IVIF-decision approach.
Section 4 illustrates two practical examples to show the performance of new ap-
proach, and finally the discussion and conclusions are expressed in sections 5 and 6.

2. Preliminaries

2.1. Basic Concepts and Operations of Interval-valued Intuitionistic Fuzzy
Sets. In this section, the key notions for IVIFSs theory that will be useful through-
out this study are presented. Atanassov and Gargov [1] introduced the notion of
IVIFSs, which is defined as [15]:

Definition 2.1. Let X be an ordinary finite, nonempty set. An IVIFS in X is

defined as ~
A={(z,p4(z),04(x))} (2)
where fi 5(x) C [0,1],74(x) C [0,1], and sup i ;(z) +supvz(z) < 1, Vo € X.

In this study, an IVIF A is denoted by ([az,bs],[c4,d5]), where [az,b3] C
[0,1],[cz,d 4] C [0,1]. For each element , @ = [1-b;(z)—d ;(x), 1—a;(z)—cz(x)],
is called hesitancy degree of an IVIF of z € X in A. Tt can be seen that 7 C [0,1].

Atanassov [2] and Xu [37] defined four operational laws of IVIFNSs, each operator
is introduced as follows:

A®B={laj;+as—azapbsz+bs—bibsllcicn dids]) (3)
A®B=(laj.az,bs.bsl,lci+cp—cicp di+ds—dzdgl) (4)
M= (1-(1—ap))’1=(1=b5)"(cn)™ (@0, A>0 (5)
A = ([(a) 01— (1 —cp)’ 1= (1=d)™), A>0 (6)

These operations can guarantee that the operational results are IVIFNs. Also,
Yu et al. [42] and Ye [40] introduced the score and accuracy functions to measure
and evaluate an IVIF as follows.

Definition 2.2. Let A; and A, be two IVIFNSs, then:
1

S(A):Z[2+QA”76A+bA”7dA“] (7)

~ ~ d ~
H(A):aA—f—bA—l-&-cA; 4 (8)
where S(A) € [0,1] and H(A) € [~1,1]. The larger value of S(A) the higher
the IVIF is. On this basis, the largest and the smallest IVIFN are ([1, 1], [0, 0]) and

([0,0],[1,1]), respectively. If S(A) < S(B), then A < B

If S(A) = S(B), then:
If H(A) (B), then A= B

A =
If H(A) < H(B), then A < B

H
H
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Definition 2.3. Let a; and as be two IVIFNs, then the Euclidean distance operator
can be defined as [44]:

d(ay,az) = \/%((al —a2)?2+ (b1 —b2)?2 4+ (c1 — ¢2)? + (d1 — d2)?) 9)

Definition 2.4. Let Z; = ([a;,b;],[c;,d;])(j € N) be a collection of IVIFNs, and
A = (A1, A2,...,An)T be the weight vector of 7;(j € N), where ); indicates the
importance degree of Z;, satisfying A\; > 0(j € N) and Z(j =1)")\; =1, and let
interval-valued intuitionistic fuzzy weighted averaging (IVIFWA): ®" — & if [44]:

&) = IVIFWA(Z1, &2, ..., &) = »_ A\
j=1

= (1= o = )M, 1 = TG (1= o) | [ (e) ™ o (@)™ ) (10)

Definition 2.5. Let Z;(j = 1,2,...,n) be a collection of IVIFNs, the interval-
valued intuitionistic fuzzy weighted geometric aggregation operator of the IVIF-
numbers is obtained by [15]:

~Wj

Zij = IVIFWGA(#1, &2, ..., &) = [}, &
= ([ (@)% Ty ) | 1= Ty (U= ) 1 = Ty (1= )™ ) ()

where w = (w1, w2, ...,w,)7 is the weight vector of Z;(j = 1,2,...,n),w € [0,1]
and Y 7 wj = L.

2.2. The OWA operator. The OWA operator is a parameterized aggregation
operator and first suggested by Yager [38]. This operator characterized by its input
that is rearranged in the decrease order. The OWA’s weights are the weights of
ordered positions of input instead of each of them and can be defined as follows
[36].

Definition 2.6. An OWA operator of dimension n is a mapping OWA: R — R
that has an associated weighting vector w; = (w1,wa,...,wy)T, with w; C [0,1]
and )7 wj, such that:

OW A(ay,az,...,an) = ijbj (12)
where b; is the jth largest of a;. J=1
For determining the OWA weights, much work has been done. To eliminate
the effect of unfair judgments on the decision results, Xu [36] suggested a normal

distribution-based method to generate the weights of the OWA operator. In this
manner, the associated weighting vector is calculated by:

1 e—l(i—pn)?/202]

J— _[(i_ﬂn)2/2‘7i] — ) —
“ mone S e limpn)?/207] i=12 e (13)
where w; = (w1,wa,...,wy)T is the weight vector of the OWA operator, i, is the
mean, and o, is the standard deviation of the collection of 1,2, ...,n and calculated

by:
_1ln(l+n)  1+n




146 Z. Hajighasemi and S. M. Mousavi

1

ey )2
RS- "
2.3. Entropy weights. After introducing the IVIF notions by Atanassov and Gar-
gov [1], much work has been done on operators over IVIFSs. Recently, Ye [40]
proposed a MCDM method using the entropy weights-based correlation coefficient
of IVIF'Ss. This study has used entropy measures to determine the factors’ weights
when they are completely unknown. In fact, this operator determines the weights

based on decision matrix provided by experts.

In this study, factors’ weights are determined by experts and hence it is likely
that their assessments in comparison with their ratings’ evaluations result in biased
judgment. Therefore, entropy method is used to obtain risk factors’ weights as well
as direct experts’ assessments.

Definition 2.7. For any A € IVIF(X) the entropy measure is proposed as follows
[40]:

14) = { o XL (@) + PWLA®@) — (@) — g Wy A()]
4
sin X012 050) ~ PWAG) 4 5(0) + W) 1}
1
X =3 (16)

where Wy a(z) = b;(z) —a;(z) and W, A(x) = d z(x) — cz(x).

2.4. The IVIFHWED Operator. In order to use several weights in determining
the distance, Liu et al. [21] have employed IFHWED operator to aggregate both
the objective and subjective results. The IVIFHWED operator can be defined as
follows.

Definition 2.8. An interval-valued intuitionistic fuzzy hybrid weighted Euclidean
distance (IVIFHWED) operator of dimension n is a mapping IVIFHWED: R"™ x
R™ — R and can be calculated as follows [21]:
R 1
Df; = IVIFHWED(A,B) = [%(Z d(A, B).w;?)} (17)
r=1 j=1

where r is the number of different relative weights devoted to each criterion, RFj.

3. Proposed IVIF-decision Approach for the FMEA

Conventional FMEA approach is criticized for considerable weak points. In the
vast majority of cases, data is imprecise and involved with vagueness and it is rather
unlikely that one can evaluate risk factors with precise numbers. By employing the
IVIFSs developed by Atanassov and Gargov [1], not only the membership and
non-membership degrees of opinions are available, but also the decision makers are
enable to judge these functions in the imprecise manner and estimate them instead
of expressing precisely. In practice, IVIFNs have been broadly applied in real-life
decision making problems, and studies of application of IVIFs in decision-making
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processes as received extensive attention [44]. Therefore, the risk parameters are
described as linguistic IVIF variables, and then they are converted to IVIFNs.
Chen [10] extended the linguistic transformation standards developed by Boran et
al. [4] to the IVIF-environment. This study provides a nine-point rating scale and
modifies the linguistic descriptions of each term as provided in Table 1, [10].

Linguistic terms Interval-valued intuitionistic
fuzzy numbers

0.02,0.05], [0.90,0.95

0.10,0.15},[0.70,0.75

Extremely Good/High (EL) ([ )
Very Good/High (VL) (I I, 1)
Good/High (L) ([0.25,0.30], [0.55, 0.60])
Medium Good /high (ML) ([0.40, 0.45], [0.45, 0.50])
Fair/Medium (M) ([0.50,0.55], [0.35, 0.40])
Medium Bad/low (MH) ([0.60,0.65], [0.25, 0.30])
Bad/low (H) ([0.70,0.75], [0.15, 0.20])
Very Bad/low (VH) ([0.80,0.85], [0.05, 0.10])
Extremely Bad/Low (EH) ([0.90,0.95], [0.02, 0.05))

TABLE 1. Linguistic Terms and Their Corresponding IVIF-values

Traditional RPN method does not consider the relative importance between risk
factors. In many cases, only subjective or objective weights are mentioned [30, 32].
As Chin et al. [12] have discussed, due to multi-disciplinary nature of FMEA team,
determining the risk factors subjectively may be not easy, and different experts may
have different opinions about factors’ importance. On the other hand, by employing
only objective weights without considering subjective weights, the results may be
questionable [21]. Hence, this study considers both subjective and objective weights
for the computations. Subjective weights are obtained by experts’ assessments as
well as entropy weights calculated by equation (14), and objective weights are
determined by ordered weights according to equation (13).

Table 2 shows linguistic variables used for rating relative importance weights
and their relevant IVIF-numbers [15].

Linguistic terms Interval-valued intuitionistic
fuzzy numbers

Very Good/High (VH) ([0.80,0.90], [0.05,0.10])
Good/High (H) ([0.55,0.70], [0.10, 0.20])
Medium Good/high (MH) ([0.45,0.60], [0.15,0.30])
Fair/Medium (M) ([0.30,0.50], [0.20, 0.40])
([ I, [ Il

([ I [ 1)

I [ 1)

Medium Bad/low (ML) 0.25,0.40], [0.35,0.50
Bad/low (L) 0.10,0.30], [0.45, 0.60
Very Bad/low (VL) ([0.00,0.10], [0.70,0.90

TABLE 2. Linguistic Terms for the Relative Importance of Criteria

Figure 1 illustrates the IVIF-decision approach based on compromise solution con-
cept. The proposed flowchart for the FMEA can be described in the following steps:
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| Tdemtify rizk aszessment objectves and rizk analy

| Deetermune potential failure modes |

FMEA team | l
Evaluzts failure maodas wath respect to rick factors
nsing lingsuistic tarms

Azerezate experts’ azseszmants
IVIFWA operator

Defina [VIF-positive and negative
Determine objective weights 1dzal selutions
OWA operator

i| Determine the entropy measures of decizion matrix
H I(4) H

Aggrezate subjective IVIF weizhts
IVIFWA operator

Calculate the distance of ezch element fom its IVIF-PIENIS
IVIFHWED gparator B

Cileulate the closeness coefficient
T

Faihure modes rankmg

F1cURE 1. Steps of Proposed IVIF-FMEA

Step 1: Evaluate failure modes with respect to risk factors. Suppose that
there is a cross-functional FMEA team including ! members, TMy(k = 1,2,...,1);
and m potential failure modes, FM;(i = 1,2,...,m), assessed by each of team
members with respect to n risk factors RF;(j =1,2,...,n). These assessments are

represented by Z}; = ([a 55)719” ],[ Cij ,dgj)]> as shown in the following. Moreover,

there are relative weights for each risk factor,
’lﬂf <[w1jkaw2jk]7 [w3jk7w4jk]>

and relative importance of each member in FMEA team AA, = ([\F, A5], [A5, A5]).

Each ¥ and &% will be assessed by linguistic variables as mentioned in Tables 1

and 2. Y ’
X = (jgf))an
(ol B8] [Ty (o, [e2.2]

(o o8] e a8y ] e ]
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Step 2: Aggregate experts’ assessments using IVIFWA operator.
Zij =IVIFWA(&);, %5, .., 20j)

i s Lig
!
k _k
k=1
=( [1 — ey (1= agy) ™, 1 — Ty (1 — bfj))\k] )

[Hggzl(cfj)kk7chZl(d?j))\kib (18)
Wy = IVIFWA(W] 1073, . ..., @)

1
k k
k=1
- <[1 ST (1= w1 = T (1 — wh )*k] :

[T (w5) T ()] (19)

where Z;; is aggregated IVIF assessment of ith failure modes with respect to risk
factors, RF;; and w; is the aggregated subjective weights of risk factors, RF}. Thus,
the aggregated matrix of team assessments will be illustrated as follows:

X = (-iij)mxn

([a11,b11], [c11, d11]) ([a1n, b1n], [c1n, din])
B ([a21, ba21], [c21, d21]) ([a21, ba1], [c21, da1])

{{am, bl [em1, da]) ([@mns boun], [comms donn])

Moreover, it is possible to consider experts’ weights as IVIF-numbers.

In this
manner, the aggregated Z;; can be calculated by IVIFWGA operator:

l
iy =IVIFWGA(E;, &5, 3i5) = (A .af)
k=1
=([ s (k) Ty (A5
[1— Mot (1= A5 — e + A5.ci) ™%, 1
ST (1 df = A 4 AR (20)

l
w; =IVIFWGA(w;, 3, ...,a5) = »_ A}
k=1

([ i M 1) % Ty (A w2 )|
[1— Iy (1= A5 — wsg® + A5.wss®) <%, 1

— Ty (1= wsg®™ — Af + A wss™)“*]) (21)
11 1

7,7,...,7)T is the weight vector of w;(j =
1,2,...,n),w € [0,1], and 22:1 wg = 1.

where, w = (wi,wa,...,w)T = (
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Step 3: Determine objectives’ weights. Because of the importance of objective
weights, OWA operator introduced by Xu [36] is used to reduce the effect of human
biased judgments on results. If n = 3 by equations (21) and (23), then pus = 2
and o3 = 1/2/3. From equation (13) objective weights vector is obtained ws =
(0.243,0.514,0.243) 7.

Step 4: Aggregate the subjective IVIF-weights.

In order to use subjective IVIF-weights in total distance formula, there is a need
to aggregate relative factors weights. Hence, in this study, the numeral values of
subjective weights can be obtained by calculating weights’ distances from original
point defined as O = ([0, 0], [0,0]) according to equation (9).

Because the weights’ results do not satisfy the condition Z?Zl w; = 1, it is
necessary to normalize the subjective weights by the following equation:

W= —
T, (22)

Step 5: Determine the entropy measure of decision matrix. It is possible to
determine the risk factors’ relative weights through the failure modes’ performance
matrix. This method is useful when the factors’ weights are entirely unknown. In
this study, factors’ weights are determined by experts and hence, it is likely that
their assessments result in biased judgment. Therefore, entropy method is used
to obtain risk factors’ weights as well as direct experts’ assessments. Since these
weights are obtained based on assessment matrix, they are subjective and can be
calculated by the following relation:

mx [+ az(x) + pW,A(z) — ci(x) — gWy A(2)]
4
tsin T x[1—ajz(z)— quAix) +ci(z) + gWoA(z)] 1}
o 1
V2 -1 (23)
where W, A(z) =b;(z) — az(z) and Wy A(x) = d;(z) — cz(x).

Step 6. Define IVIF-positive ideal solution (IVIF-PIS) and IVIF-negative ideal
solution (IVIF-NIS).

I(A) ={sin

IVIF — PIS = R* = (71,75, ..., 7))

=([(@f . by ), [&f, df ). (@3, 630, (e d3 D). - (1@, b, (e, diD))

(24)

IVIF — NIS =R~ = (f] 7y ,...,7y)

r'n

=@y, by [er dy ) ([@g s by 1, 18 s dg ) - (@ b1 e, 4 D)) (25)

The more the RPN, the more serious the level is; and therefore, Fj and T, are
determined as follows:

7 = ([1,1],[0,0])

7:]_ = <[Oa 0]7 [17 1]>
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Step 7. Calculate distances of each element in decision matrix from its IVIF-PIS
and IVIF-NIS.

d(ay,az) = \/(i((al —a3)* + (b1 — b2)? + (c1 —2)? + (d1 —d2)?)  (26)
D, =IVIFHWED(A, A*)

]

l

P 1
=1 | wj AT \/4((%' —a5)? + (bij — b5)% + (cij — 5)? + (dij — d§)2)>

l
+p2 'lUJ2-. Z (\/i((a” — a§)2 + (b” — b§)2 + (Cij — C?)z + (d” — d§)2)>

l
1
+@3 w;’. (\/(4((%]' - a§)2 + (bi; — b§)2 + (¢ij — C?)2 + (dij — d?)Q)

27)
where € is * or —; @1, 2, s are relative weights used for aggregating subjective
and objective results satisfying ¢; € [0, 1], 2?21 p; = 1; and w wjz, wj are relative
subjective and objective weights.

Step 8. Determine the proposed collective index of elements.
The collective index of failure mode A; under IVIF-PIS, A*, is defined below:

*

T=T1+T (28)
where
D 1/n
e (D) 29
and
7 = (D))" + (1/D;)" (30)

Step 9. Prioritize the failure modes and determine corrective actions. The smaller
the 7, the more serious the overall risk is, and therefore, the higher the priority is.
On this basis, the ranking of failure modes can be obtained by the increasing order
of relative closeness coefficients.

4. Practical Examples in the Manufacturing Industry

4.1. The First Practical Example. In this section, in order to demonstrate the
proposed new IVIF-decision approach in FMEA based on TOPSIS method, an
applicable example adapted from Liu et al. [21] will be resolved. This example
involves developing new horizontal directional drilling (HDD) machine that is a
complex product with several multidisciplinary sub-systems. This complex machine
can be employed for installing underground pipe, conduit, or cable in a shallow
arc along a prescribed bore path by using a surface-launched drilling rig, with
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minimal impact on the surrounding area. Complex sub-systems of machine as
well as serious applications of this machine demonstrate the importance of risk
assessment regarding the machine’s failures before reaching to customers. Hence,
conducting FMEA can improve reliability and safety of this machine.

A FMEA team consists of five cross-functional team members that have found
nine potential failure modes in the above product. There is a need to rank failure
modes in terms of their risk factors that is O, S and D, so that the most important

failure modes can be distinguished for corrective actions.

As precise assessment is usually not possible in real-world, the FMEA team
members evaluate failure modes and risk factors’ importance by using linguistic
variables expressed in IVIF-numbers as shown in Tables 1 and 2. The evaluation
matrix assessed by team members’ assessments can be seen in [21].

X =(Z; 7) 9x1
([0.5, 0. 5] D
([0.5,0.55 )

[0.35,0.4 5], [ 35,0.4])
1,[0.35,0.4] 5], [0.25,0.3])

3]

([0.5,0.55],0.35,0.4])  ([0.5,0.55].[0.35,0.4]) -~  ([0.4,0.45]. [0.45,0.5])  ([0.4,0.45]. [0.45, 0.5])

Since the FMEA team consists of different members with different expertise, it is
better to differentiate in their opinion importance in reality. In order to consider
these differences, several relative weights are used for each member with respect to
her/his expertise, role and influence in FMEA team. As mentioned, it is possible
to express these weights in linguistic terms and convert to IVIF-numbers; but, in
this example these weights are assumed to be crisp; i.e., 0.15,0.20,0.25,0.10 and

.30.

After establishing IVIF-matrix of FMEA team members’ assessments as illus-
trated in the above, these opinions are aggregated into unique assessment by using
equation (18). The aggregated assessments are provided as below:

X = (%ij)ox3

([0.493, 0.543],[0.356, 0.406])  ([0.486,0.536], [0.362,0.407])  ([0.390, 0.440], [0.451, 0.501])
([0.615,0.666], [0.231,0.283])  ([0.651,0.702], [0.195,0.244])  ([0.527,0.577], [0.320, 0.372])

([0.447,0.497],[0.402, 0.452])  ([0.452, 0.503], [0.397,0.443])  ([0.462,0.512], [0.387, 0.437])]

Then, it is necessary to determine subjective and objective weights. As discussed

earlier, in this study three different weights are taken into account: weights ex-
pressed by FMEA team members, entropy weights, and objective weights. Since
the two formers are obtained by human judgments, they are classified as subjective
weights and the latter is objective and calculated by the normal distribution-based
method suggested by [36]. These three weights are calculated according to equa-
tions (13), (19), and (23). The resulting weights are presented in Table 3.

Subjective Weights 0] S D
Aggregated sub-weights 0.30 0.39 0.31
Entropy weights 0.34 0.34 0.32
Objective Weights Rank 1 Rank 2 Rank 3
Objective Weights 0.24 0.51 0.24

TABLE 3. Subjective and Objective Weights for the First Practical Example
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Finally, by employing subjective weights (i.e., weights expressed by FMEA team
members and entropy weights), objective weights, and aggregated assessment ma-
trix, the IVIFHWED for each failure mode is obtained by equation (27). In this
example, the parameters @1, @2, @3 are defined with values of 0.2,0.3 and 0.5. Two
former weights are subjective and get the sum of values to be 0.5 and; the later has
a value of 0.5.

Moreover, the IVIF-PIS and IVIF-NIS are assumed to be

A;k = [<[]" 17}7 [0’0]>7 <[]'7 1’]’ [070]>7 trt <[]'7 17]7 [070]>]

and
A7 =[{[0,0],[1,1]),([0,0], [1,1]),..., ([0, 0], [1, 1])],

respectively. The results are illustrated in Table 4.

4.2. The Second Practical Example. To evaluate the applicability and validity
of proposed new IVIF-decision approach, an application example adapted from
Zhou and Thai [45] is also provided to compare the results of proposed approach
with fuzzy RPN and grey RPN methods. This practical example evaluates 17 tanker
equipment failures according to 5 experts’ judgments. The linguistic fuzzy variables
are adapted to linguistic IVIF-variables proposed in this study. The decision matrix
containing the experts’ opinions about 17 failure modes with respect to risk factors
provides from Zhou and Thai [45].

After translating experts’ opinions into IVIFNs, the opinions of different experts
are aggregated by employing equation (18). The relative weights of five experts are:
0.15, 0.25, 0.25, 0.20 and 0.15. Then, the objective weights of risk factors should
be calculated. Using equations (13) and (23), the objective weights are determined
and illustrated in Table 6. The subjective weights of the factors O, S and D are
also determined to be 0.40, 0.35 and 0.25, respectively. Finally, by applying the
IVIFHWED operator obtained by equation (27), the final ranking of failures is
calculated. The final failures’ prioritization is reported in Table 7. In addition,
the results of proposed IVIF method are compared with fuzzy RPN and grey RPN
methods.

Failure modes DT D™ 1 Ty T Ranking
1 0.465 0.541 0.951 2.002 2.953 6
2 0.327 0.680 0.784 1.826 2.610 3
3 0.369 0.639 0.833 1.879 2.712 4
4 0.544 0.465 1.054 2.107 3.161 9
5 0.487 0.521 0.978 2.030 3.008 8
6 0.416 0.593 0.888 1.936 2.825 5
7 0.298 0.711 0.748 1.788 2.537 1
8 0.319 0.691 0.773 1.814 2.586 2
9 0.474 0.533 0.962 2.013 2.975 7

TABLE 4. Distance Measures and Closeness Coefficient for

the First Practical Example
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Failure Proposed IFHWED-based Fuzzy FMEA

modes IVIF-decision approach FMEA [22] (33]
1 6 7 6
2 3 2 3
3 4 5 5
4 9 9 9
5 8 6 7
6 5 4 4
7 1 1 1
8 2 3 2
9 7 8 8

TABLE 5. Ranking Comparisons on the HDD Machine for
the First Practical Example

Subjective Weights 0] S D
Aggregated sub weights  0.40 0.35 0.25
Entropy weights 0.36 0.36 0.29
Objective Weights Rank 1 Rank 2 Rank 3
Objective Weights 0.24 0.51 0.24

TABLE 6. Subjective and Objective Weights for

the Second Practical Example

Failure DT D~ T To T Proposed IVIF  Fuzzy  Grey
modes decision method RPN method
1 0.369 0.638 0.833 1.879 2.712 8 8 8
2 0.364 0.647 0.825 1.870 2.695 9 6 6
3 0.391 0.616 0.860 1.907 2.766 7 7 7
4 0.296 0.712 0.746 1.786 2.532 13 14 14
5 0.165 0.844 0.580 1.607 2.187 17 17 17
6 0.491 0.518 0.982 2.034 3.016 3 3 3
7 0.353 0.655 0.814 1.858 2.672 10 10 11
8 0.276 0.732 0.723 1.761 2.483 14 12 12
9 0.244 0.765 0.683 1.718 2.401 15 15 15
10 0.307 0.700 0.760 1.801 2.561 12 13 13
11 0.344 0.664 0.803 1.847 2.650 11 11 10
12 0.761 0.252 1.446 2.497 3.943 1 1 1
13 0.416 0.592 0.889 1.937 2.826 5 4 4
14 0.405 0.604 0.875 1.923 2.798 6 9 9
15 0.625 0.384 1.176 2.231 3.407 2 2 2
16 0.417 0.591 0.891 1.939 2.830 4 5 5
17 0.174 0.836 0.592 1.619 2.211 16 16 16

TABLE 7. Distance Measures, Closeness Coefficient and Ranking

Comparisons for the Second Practical Example
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5. Discussion and Results

In this section, a sensitivity analysis on the impact of FMEA factors’ weights is
reported to further study on the collective index and ranking for the first application
example. Because, as in equations (27) - (30) the collective index of each failure
mode (alternative) is provided by a closeness to the IVIF-PIS and IVIF-NIS, the
values of final ranking may depend on weights of the FMEA factors including
objective and subjective importance. Several values of factors’ weights are taken
into consideration for the analysis of the collective index.

The idea of this sensitivity analysis is to exchange each FMEA factor’s weight
with another factor’s weight. Thus, three combinations of these FMEA factors
are assessed with each combination presented as a condition. The main condition
(condition 1) proposes the original results of the first application example. Com-
putational results of this sensitivity analysis are presented in Table 8 and depicted
in Figure 2.

According to Figure 2, failure mode 7 has the highest rank and failure mode
4 has the lowest rank when the FMEA factors’ weights are exchanged in three
conditions. The analysis results show that the change of factors’ weights does
not remarkably change the ranking of nine failure modes in the first application
example. It concedes with what this study has expected and illustrates that the
ranking of nine failure modes remains stable in this application throughout the
changes of weights. To show the performance of suggested IVIF-decision approach

Conditions Weights Values of collective index
O S D FM1 FM2 FM3 FM4 FM5 FM6 FM7 FM8 FM9
Main 0.301 0.390 0.309 2.953 2.610 2.712 3.161 3.008 2.825 2.537 2.586 2.975
(1) 0.338 0.338 0.324

0.243 0.514 0.243

0.301 0.309 0.390 2.974 2.620 2.718 3.216 3.061 2.878 2.531 2.623 2.974
(2) 0.338 0.324 0.338
0.243 0.243 0.514

0.390 0.301 0.309 2.967 2.624 2.740 3.180 3.033 2.865 2.539 2.639 2.975
(3) 0.338 0.338 0.324
0.514 0.243  0.243

0.309 0.390 0.301 2.953 2.610 2.710 3.162 3.009 2.827 2.538 2.589 2.975
(4) 0.324 0.338 0.338
0.243 0.514  0.243

TABLE 8. Sensitivity Analysis on FMEA Factors’ Weights

in the FMEA based on compromise solution concept, a practical example adopted
from Liu et al. [21] (i.e., the first practical example) has been recalculated. To do
this, first experts’ opinions have been collected by linguistic terms and transferred to
IVIF-numbers. Then, the opinions have been aggregated through IVIFWA operator
and the weights have been determined. In the proposed approach, both subjective
and objective weights have been considered. For subjective weights, aggregated
weights assessed by experts have been employed as well as the entropy measure
that calculates the weights based on decision matrix. Because of the importance of
objective weights, a normal distribution-based method has been used to determine
the weights of the OWA operator. Then, IVIFHWED operator has been taken to
determine the distance of each element from IVIF-positive ideal solution (IVIF-PIS)
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and IVIF-negative ideal solution (IVIF-NIS); and finally, the proposed collective
index has been calculated. The comparisons of ranking results for the proposed
IVIF-decision approach and other decision methods under uncertainty, mentioned
in [21], are illustrated in Table 5.

From Table 5, it can be seen that the ranking order of the proposed IVIF-decision
approach is consistent with the ranking order of two-mentioned methods. In all of
them, the failure mode 7 has the highest priority with the collective index of 2.537
and the failure mode 4 with collective index of 3.161 has the lowest priority.

In comparison with Liu et al. [21], failure mode 1 is more important than failure
mode 5. As it can be seen in the decision matrix with respect to occurrence and
severity factors, failure mode 1 has a higher degree. Although experts have given
a higher score to failure mode 5 with respect to detection factor, this factor is not
as important as severity.

As it is shown in Table 7 for the second practical example, the results of pro-
posed IVIF-approach are consistent with fuzzy RPN and grey RPN methods. Only
difference between the proposed IVIF-approach and former one is about failure
modes 2 and 14. By considering Table 6 for the experts’ opinions, failure 14 is
more important with respect to occurrence factor, whereas the failure 2 has higher
priority with respect to severity factor. The occurrence relative weight is higher
than severity’s weight; however, the difference between failures scores is not signif-
icant; the obtained result may be due to conformity of scales of original example
to scales proposed in this study. Therefore, it can be concluded that this approach

: — M1
T¥ " * X D

w 6 M3
2 s —— R
= —= M5
ie T —. e P o M6
e o =R
i _ 3 _—— M8
% FM9

Conditions

FIGURE 2. Sensitivity Analysis Under Different FMEA Factors’ Weights

has a high performance in comparison with other FMEA methods; there are main
advantages in the proposed IVIF-decision approach, unlike the previous studies as
follows:

e Dealing with uncertainties in the decision process by interval-valued in-
tuitionistic fuzzy sets: Because it is not very easy to assess the failure
modes precisely, many authors have suggested performing the FMEA anal-
ysis under uncertain environments [22, 9]. There are some studies that used
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notions and concepts of the IFSs [22, 7, 8]. The concept of IVIFSs is gener-
alized form of IF'Ss theory that considers membership and non-membership
functions as interval values. Hence, it can have a meaningful role in enhanc-
ing decision-making results and handling vagueness better than IFSs [33].
Therefore, this study has used the notions and concepts of IVIFSs that can
retain more information about experts’ assessments (judgments), and it is
less likely to lose information duration of calculations and analysis under
uncertainty. Moreover, because of applying the concept of the compromise
solution in the proposed IVIF-decision approach under uncertainty, this
concept’s features help the proposed approach to have a clear computa-
tional form, uncomplicated and easy to understand steps, and finally the
ability to properly determine the best option.

e Considering objective weights as well as subjective weights simultaneously
in the decision process: There are many studies that have considered only
one of subjective or objective weights in performing FMEA analysis. How-
ever, none of them is complete in the use of proper weights in reality.
Subjective weights are criticized for the probability of considering unfair
judgments of experts. Thus, they may result in biased ranking orders. Ob-
jective weights can reduce the effects of biased assessments and mitigate
them in order to achieve better result. Nevertheless, it is considerable that
none of them is complete without the other. Hence, in this study, both sub-
jective and objective weights are performed in the proposed IVIF-decision
approach unlike the previous studies.

e Providing two kinds of subjective weights in the decision process: This
study has considered two kinds of subjective weights: direct assessment as
well as entropy measure, and therefore, evaluation results of the FMEA is
more trustworthy. Considering entropy measure as subjective weight en-
sures that the decision matrix is conforming to direct weights’ assessments
and thus less probability to have biased ranking orders.

e Presenting a new collective index to rank failure mode alternatives: it is
very important for decision makers to prioritize failure mode alternatives
accurately; hence, choosing an appropriate ranking index that discriminates
among failure mode alternatives properly and recognizes the most serious
ones is a critical part for the evaluation of FMEA. This index is based
on weighted Euclidean distances of alternatives to positive and negative
ideal points. Computational results indicate that this new index has an
acceptance performance and ensure that the failure mode alternatives are
ranked properly. Providing capacity of considering new risk factors with
different scales in calculation and failures ranking is another advantage of
this new collective index.
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6. Conclusions and Further Research

FMEA is a well-known method as a preventive risk assessment approach that
aims to find, analyze and mitigate serious failure modes. It is proved to be ef-
fective, easy to understand and well-documented method; however, it has some
weak points and has been criticized by numerous authors. For instance, firstly, it
does not contemplate relative importance among O, S and D. Secondly, different
combinations of O, S and D may make exactly the same value of RPN, but their
risk implications may be completely different. Thirdly, the three risk factors are
difficult to be explicitly evaluated. This paper introduced a novel IVIF-decision
approach based on a compromise solution concept that can overcome the above
weak points and can revise the traditional FMEA. To contemplate the relative
weights among the risk factors, both subjective and objective weights consist of
aggregated weights obtained by experts’ assessments, entropy and OWA operators
have been employed in the proposed approach. Furthermore, this approach has
been defined under an interval-valued intuitionistic fuzzy (IVIF)-environment to
guarantee that the assessments information would be retained during the calcula-
tions. Hence, it considers uncertainty in experts’ judgments as well as reduces the
probability of obtaining two ranking orders with the same value. Finally, a new
solution index based on alternatives’ Euclidean distance to their positive and neg-
ative ideal points has been introduced to ensure that failure mode alternatives are
ranked properly. To present the effectiveness of suggested approach, two practical
examples have been illustrated in the manufacturing industry. Because of the prod-
uct’s complexity, FMEA can be useful to identify and eliminate the most serious
risks under uncertainty. As it has been shown and discussed, this approach has
an acceptable performance, as well as it ensures that relative weights are trustwor-
thy and mitigates biased aspect of human judgments under the IVIF-environment.
Further research can concentrate on some interesting aspects: Firstly, some well-
known decision-making methods, such as VIKOR, AHP, and ELECTRE, can be
developed under an IVIF-environment based on the proposed objective and subjec-
tive weights. Considering IVIF-environment with different weights in the decision
process can improve retaining information during computations. Secondly, it is
considerable that there are some famous theories for representing uncertainty and
vagueness hidden in experts’ judgments, such as D-S evidence theory, Z-numbers
and D-numbers. Thirdly, social and culture indicators can be regarded in the
FMEA analysis with different phases. Fourthly, applying new extensions of fuzzy
sets and decision support systems (DSSs) concurrently for computerizing the pro-
posed decision approach is recommended to handle uncertainty in order to decrease
the needed effort and time for computations.

REFERENCES

[1] K. Atanassov and G. Gargov, Interval valued intuitionistic fuzzy sets, Fuzzy Sets and Sys-
tems, 31 (1989), 343-349.

[2] K. T. Atanassov, Operators over interval valued intuitionistic fuzzy sets, Fuzzy Sets and
Systems, 64 (1994), 159-174.



(3]

(4]

(5]
(6]
(7
(8]
9

(10]

(11]
(12]

(13]

14]

(15]

[16]

(17]

(18]

(19]

20]

(21]

(22]

23]

A new approach in failure modes and effects analysis based on compromise solution by ... 159

G. Baek, S. Kim, S. Cheon, H. Suh and D. Lee, Prioritizing for failure modes of dynamic
positioning system using fuzzy-FMEA, Journal of Korean Institute of Intelligent Systems, 25
(2015), 174-179.

F. E. Boran, S. Genc M. Kurt and D. Akay, A multi-criteria intuitionistic fuzzy group decision
making for supplier selection with topsis method, Expert Systems with Applications, 36
(2009), 11363-11368.

M. Braglia, Mafma: multi-attribute failure mode analysis, International Journal of Quality
& Reliability Management, 17 (2000), 1017-1033.

N. Chanamool and T. Naenna, Fuzzy FMEA application to improve decision-making process
in an emergency department, Applied Soft Computing, 43 (2016), 441-453.

C. L. Chang, C. C. Wei and Y. H. Lee, Failure mode and effects analysis using fuzzy method
and grey theory, Kybernetes, 28 (1999), 1072-1080.

K. H. Chang and C. H. Cheng, A risk assessment methodology using intuitionistic fuzzy set
in FMEA, International Journal of Systems Science, 41 (2010), 1457-1471.

K. H. Chang, C. H., Cheng and Y. C. Chang, Reprioritization of failures in a silane supply
system using an intuitionistic fuzzy set ranking technique, Soft Computing, 14 (2010), 285—
298.

T. Y. Chen, A prioritized aggregation operator-based approach to multiple criteria decision
making using interval-valued intuitionistic fuzzy sets: a comparative perspective, Information
Sciences, 281 (2014), 97-112.

T. Y. Chen, The inclusion-based topsis method with interval-valued intuitionistic fuzzy sets
Sfor multiple criteria group decision making, Applied Soft Computing, 26 (2015), 57-73.

K. S. Chin, Y. M. Wang, G. K. K. Poon and J. B. Yang, Failure mode and effects analysis
by data envelopment analysis, Decision Support Systems, 48 (2009), 246-256.

Y. Du, H. Mo, X. Deng, R. Sadiq and Y. Deng, A new method in failure mode and effects
analysis based on evidential reasoning, International Journal of System Assurance Engineer-
ing and Management, 5 (2014), 1-10.

H.R. Feili, N. Akar, H. Lotfizadeh, M. Bairampour and S. Nasiri, Risk analysis of geothermal
power plants using failure modes and effects analysis (FMEA) technique, Energy Conversion
and Management, 72 (2013), 69-76.

H. Hashemi, J. Bazargan, S. M. Mousavi and B. Vahdani, An extended compromise ratio
model with an application to reservoir flood control operation under an interval-valued intu-
itionistic fuzzy environment, Applied Mathematical Modelling, 38 (2014), 3495-3511.

M. S. Kirkire, S. B. Rane and J. R. Jadhav, Risk management in medical product development
process using traditional FMEA and fuzzy linguistic approach: a case study, Journal of
Industrial Engineering International, 11 (2015), 595-611.

M. Kumru and P. Y. Kumru, Fuzzy FMEA application to improve purchasing process in a
public hospital, Applied Soft Computing, 13 (2013), 721-733.

R. J. Kuo, Y. H. Wu and T. S. Hsu, Integration of fuzzy set theory and TOPSIS into HFMEA
to improve outpatient service for elderly patients in taiwan, Journal of the Chinese Medical
Association, 75 (2012), 341-348.

Z. Li and K. C. Kapur, Some perspectives to define and model reliability using fuzzy sets,
Quality Engineering, 25 (2013), 136-150.

H. C. Liu, L. Liu, Q. H. Bian, Q. L. Lin, N. Dong and P. C. Xu, Failure mode and effects
analysis using fuzzy evidential reasoning approach and grey theory, Expert Systems with
Applications, 38 (2011), 4403-4415.

H. C. Liu, L. Liu and P. Li, Failure mode and effects analysis using intuitionistic fuzzy hybrid
weighted euclidean distance operator, International Journal of Systems Science, 45 (2014),
2012-2030.

H. C. Liu, J. X. You, M. M. Shan and L. N. Shao, Failure mode and effects analysis using
intuitionistic fuzzy hybrid TOPSIS approach, Soft Computing, 19 (2015), 1085-1098.

P. Liu, L. He and X. Yu, Generalized hybrid aggregation operators based on the 2-dimension
uncertain linguistic information for multiple attribute group decision making, Group Decision
and Negotiation, 25 (2016), 103-126.



160

[24]

[25]

[26]

27)

(28]

29]

(30]

(31]

(32]

33]

34]

(35]

(36]
37)
(38]

(39]

[40]

[41]
42]

[43]

Z. Hajighasemi and S. M. Mousavi

P. Liu and F. Jin, A multi-attribute group decision-making method based on weighted geomet-
ric aggregation operators of interval-valued trapezoidal fuzzy numbers, Applied Mathematical
Modelling, 36 (2012), 2498-25009.

P. Liu and Y. Liu, An approach to multiple attribute group decision making based on intu-
itionistic trapezoidal fuzzy power generalized aggregation operator, International Journal of
Computational Intelligence Systems, 7 (2014), 291-304.

P. Liu and Y. Wang, Multiple attribute decision-making method based on single-valued neu-
trosophic mormalized weighted bonferroni mean, Neural Computing and Applications, 25
(2014), 2001-2010.

P. Liu and X. Yu, 2-dimension uncertain linguistic power generalized weighted aggregation
operator and its application in multiple attribute group decision making, Knowledge-Based
Systems, 57 (2014), 69-80.

P. Liu, X. Zhang and F. Jin, A multi-attribute group decision-making method based on
interval-valued trapezoidal fuzzy mumbers hybrid harmonic averaging operators, Journal of
Intelligent & Fuzzy Systems, 23 (2012), 159-168.

N. Rachieru, N. Belu and D. C. Anghel, Evaluating the risk of failure on injection pump
using fuzzy FMEA method, Applied Mechanics and Materials, 657 (2014), 976-980.

S.-M. Seyed-Hosseini N. Safaei and M. Asgharpour, Reprioritization of failures in a system
failure mode and effects analysis by decision making trial and evaluation laboratory technique,
Reliability Engineering & System Safety, 91 (2006), 872-881.

F. Smarandache, Neutrosophy: neutrosophic probability, set, and logic: analytic synthesis
& synthetic analysis, American Research Press, USA, ISBN(s): 1879585634, 28(1) (1998),
25-38.

B. Vahdani, M. Salimi and M. Charkhchian, A new FMEA method by integrating fuzzy belief
structure and TOPSIS to improve risk evaluation process, International Journal of Advanced
Manufacturing Technology, 77 (2015), 357-368.

Z. Wang, K. W. Li and W. Wang, An approach to multiattribute decision making with
interval-valued intuitionistic fuzzy assessments and incomplete weights, Information Sciences,
179 (2009), 3026-3040.

D. Woods, A failure mode and effects analysis (FMEA) from operating room setup to incision
for living donor liver transplantation, In 2015 Apha Annual Meeting & Expo, 5(2) (2015),
6-19.

N. Xiao, H. Z. Huang, Y. Li, L. He and T. Jin, Multiple failure modes analysis and weighted
risk priority number evaluation in FMEA, Engineering Failure Analysis, 18 (2011), 1162—
1170.

Z. Xu, An overview of methods for determining OWA weights, International Journal of In-
telligent Systems, 20 (2005), 843-865.

Z. Xu, Methods for aggregating interval-valued intuitionistic fuzzy information and their
application to decision making, Control and Decision, 22 (2007), 215-225.

R. R. Yager, On ordered weighted averaging aggregation operators in multicriteria decision-
making, IEEE Transactions on Systems, Man, and Cybernetics, 18 (1988), 183-190.

J. Ye, Multicriteria fuzzy decision-making method based on a novel accuracy function un-
der interval-valued intuitionistic fuzzy environment, Expert Systems with Applications, 36
(2009), 6899-6902.

J. Ye, Multicriteria fuzzy decision-making method using entropy weights-based correlation
coefficients of interval-valued intuitionistic fuzzy sets, Applied Mathematical Modelling, 34
(2010), 3864-3870.

T. M. Yeh and L. Y. Chen, Fuzzy-based risk priority number in fmea for semiconductor wafer
processes, International Journal of Production Research, 52 (2014), 539-549.

D. Yu, Y. Wu and T. Lu, Interval-valued intuitionistic fuzzy prioritized operators and their
application in group decision making Knowledge-Based Systems, 30 (2012), 57-66.

S. X. Zeng, C. M. Tam and V. W. Tam, Integrating safety, environmental and quality risks
for project management using a fmea method, Engineering Economics, 66 (2015), 44-52.



A new approach in failure modes and effects analysis based on compromise solution by ... 161

[44] X. Zhang and Z. Xu, Soft computing based on mazimizing consensus and fuzzy topsis ap-
proach to interval-valued intuitionistic fuzzy group decision making, Applied Soft Computing,
26 (2015), 42-56.

[45] Q. Zhou and V. V. Thai, Fuzzy and grey theories in failure mode and effect analysis for
tanker equipment failure prediction, Safety Science, 83 (2016), 74-79.

Z. HAJIGHASEMI*, DEPARTMENT OF INDUSTRIAL ENGINEERING, FACULTY OF ENGINEERING, SHA-
HED UNIVERSITY, TEHRAN, IRAN
E-mail address: Z.hajighasemi99@gmail.com

S. MEYSAM MOUSAVI, DEPARTMENT OF INDUSTRIAL ENGINEERING, FACULTY OF ENGINEERING,
SHAHED UNIVERSITY, TEHRAN, IRAN
E-mail address: sm.mousavi@shahed.ac.ir

+*CORRESPONDING AUTHOR



