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Abstract: As a typical tool of risk analysis in practical engineering, failure mode and effects analysis
(FMEA) theory is a well known method for risk prediction and prevention. However, how to quantify
the uncertainty of the subjective assessments from FMEA experts and aggregate the corresponding
uncertainty to the classical FMEA approach still needs further study. In this paper, we argue that
the subjective assessments of FMEA experts can be adopted to model the weight of each FMEA
expert, which can be regarded as a data-driven method for ambiguity information modeling in FMEA
method. Based on this new perspective, a modified FMEA approach is proposed, where the subjective
uncertainty of FMEA experts is handled in the framework of Dempster–Shafer evidence theory (DST).
In the improved FMEA approach, the ambiguity measure (AM) which is an entropy-like uncertainty
measure in DST framework is applied to quantify the uncertainty degree of each FMEA expert. Then,
the classical risk priority number (RPN) model is improved by aggregating an AM-based weight
factor into the RPN function. A case study based on the new RPN model in aircraft turbine rotor
blades verifies the applicable and useful of the proposed FMEA approach.

Keywords: failure mode and effects analysis (FMEA); risk priority number (RPN); dempster–shafer
evidence theory (DST); risk management; uncertainty measure; ambiguity measure (AM)

1. Introduction

Failure of risk management in a complex system or a key component may lead to a total disaster [1].
Risk modeling and analysis is a hot topic in practical applications such as complex networks [2], human
reliability analysis [3], maintenance of complex systems [4] and so on. Risk management methods
in real applications include fault diagnosis [5,6], fault detection and isolation [7], system condition
monitoring [4,8], uncertainty quantification [9] and so on. As a typical theory for modeling and
processing risk analysis, failure mode and effects analysis (FMEA) theory is widely used in dealing
with subjective and objective risk assessments simultaneously [10–12]. In FMEA approach, a FMEA
item is judged by experts with subjective evaluation. The classical risk priority number (RPN) model,
which is based on the subjective assessment of FMEA experts, is sometimes not that efficient for a
variety of practical applications [13–15]. This paper proposes an improved RPN method by considering
the relative importance of each FMEA member to contribute a more accurate method in uncertainty
modeling and fusion of FMEA experts’ subjective evaluation.

Dempster–Shafer evidence theory (DST) [16–19], also known as the belief functions
theory [20–22], is effective in uncertain information processing such as pattern recognition [23,24],
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target identification [25], risk analysis [26], controller design [27], community detection [28], and many
other practical applications in the areas of information fusion [29–31]. The method of quantifying the
uncertain degree of the body of evidence before applying information fusion attracts much attention.
The approximate entropy-based uncertainty measure is a typical way for quantification of uncertain
information in real applications including clinical signal analysis and processing [32,33], the graph
of networks [34–36] and so on [37–39]. Similarly, in DST framework, some uncertainty measures are
also approximate entropies, such as the measure of aggregate uncertainty (AU) [40], the ambiguity
measure (AM) [41], the Deng entropy [42,43] and so on [44–46]. Other uncertainty measure in DST
framework includes the belief intervals-based total uncertainty measure [47] and so on [48]. All these
uncertainty measures have some advantages in practical applications such as sensor data fusion [49]
and decision making [50]. As a typical entropy-like uncertainty measure in DST framework, AM has
some advantages in comparison with other uncertainty measures. For example, AM satisfies all
five requirements for AU measures including probability consistency, set consistency, subadditivity,
additivity and so on. Based on this important feature for uncertain information processing, AM is
chosen to quantify the uncertainty of FMEA experts’ evaluations.

To overcome some shortages of the classical FMEA theory, many studies focus on combining DST
with FMEA to design applicable and useful risk analysis approaches. In [51–53], DST is introduced
to fuse the belief structure of uncertain assessments from FMEA experts. The hybrid method based
on DST and other methods, such as fuzzy sets theory, is also popular among researchers [54,55].
The international standard ISO 31000 [56] is also introduced to improve the FMEA method for risk
identification, evaluation and control [57]. However, none of the aforementioned methods model
the relative importance among different FMEA experts by considering the assessment data from
the experts themselves. In other words, the relative importance of different FMEA experts in the
aforementioned methods is all directly based on subjective assessments, which cannot be accurate in
some cases. We argue that the assessment information itself implicates uncertainty of a FMEA expert,
which should be considered when modeling the relative importance of a FMEA expert. Based on this
perception, an improved RPN model is designed to model the weight of a FMEA member with respect
to all the FMEA experts in a typical FMEA team.

This rest of this paper is organized as follows. Some preliminaries are introduced in Section 2.
In Section 3, a new FMEA approach, which is based on the new AM-based RPN model, is proposed.
Then, the proposed method is applied to a case study in Section 4. Section 5 draws the conclusion as
well as shows the directions of future work.

2. Preliminaries

2.1. Dempster–Shafer Evidence Theory

A brief introduction to Dempster–Shafer evidence theory [16,17] related to the following research
in this paper is presented in this section.

Definition 1. Define that Ω= {θ1, θ2, . . . , θi, . . . , θN} is a nonempty set with N mutually exclusive and
exhaustive events, Ω is the frame of discernment (FOD). The power set of Ω consists of 2N elements denoted
as follows:

2Ω =

{
∅, {θ1} , {θ2} , . . . , {θN} , {θ1, θ2} ,
. . . , {θ1, θ2, . . . , θi} , . . . , Ω

}
. (1)

Definition 2. A mass function m is a mapping from the power set 2Ω to the interval [0,1]. m satisfies:

m (∅) =0, ∑
A∈Ω

m (A) =1. (2)
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If m (A) > 0, then A is called a focal element. m (A) indicates the support degree of the evidence on the
proposition A.

2.2. Failure Mode and Effects Analysis

Failure mode and effects analysis (FMEA) is a method for risk identification, prevention and
management. Applying FMEA method in practical applications is a series of activities including risk
identification by a FMEA team, risk assessment by each FMEA expert, ranking the priorities of FMEA
items, risk control and management based on the priority of each FMEA item, and the related work
in the aforementioned processes. A FMEA item is the result of risk identification with respect to a
potential risk or possible hazard in a system or process. For different processes or purposes, FMEA has
different classes, e.g., DFMEA for product design, SFMEA for system management, and PFMEA
for process management.One of the key issues when applying FMEA method is calculating the risk
priorities of different FMEA items based on the risk priority number (RPN) model.

Definition 3. In FMEA, the risk priority number (RPN) is defined as follows [12,58]:

RPN = O× S× D, (3)

where O is the probability of the occurrence of a FMEA item, S is the severity degree if a failure happens assessed
by FMEA experts, and D is the probability of a potential FMEA item can be detected.

Generally, the value of RPN is ranging from 1 to 10, which means a risk factor is divided into
10 ranking levels in FMEA method [51–54,58].

2.3. Ambiguity Measure

As a typical entropy-like uncertainty measure, ambiguity measure (AM) is proposed by
Jousselme et al. [41], AM satisfies the properties and features of AU [40].

Definition 4. AM is defined as follows [41]:

AM (m) = − ∑
x∈X

BetPm (x) log2 (BetPm (x)), (4)

where BetPm is the pignistic probability distribution of the mass function m [20], denoted as follows:

BetPm (A) = ∑
B⊆X

m (B)
|A ∩ B|
|A| , (5)

where |A| means the cardinality of the set A.

3. The Ambiguity Measure-Based FMEA Approach

An improved FMEA approach based on the AM-based RPN model is presented in this section.
The uncertainty of FMEA experts, which is represented by the corresponding assessments, is modeled
by AM in DST framework. The relative importance among different FMEA experts isconsidered
according to the AM-based RPN model in the new method.

3.1. The New RPN Model in DST Framework

How to fuse the relative importance of different FMEA experts in the process of fusing the related
assessments is still an open issue. To handle this issue, the subjective assessments of each FMEA
experts on each FMEA item is analyzed and modeled as the corresponding weight factor of each
FMEA expert. The block diagram showing the idea of the new RPN is presented in Figure 1, where the
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subjective assessment of FMEA experts on risk factor O, S and D is quantified based on the AM in DST
framework. The relative weight of each FMEA expert is based on the proportion of its AM value with
respect to the sum of all AM values. Finally, the weight factor consisting of subjective assessments
of FMEA experts can be fused in the new RPN. Definition 5 presents the function of the AM-based
RPN method.

 Ambiguity 
measure of 
evaluation 

on O

Weight factor 
of FMEA 

expert

 Ambiguity 
measure of 
evaluation 

on S

 Ambiguity 
measure of 
evaluation 

on D

Subjective 
assessment 

on risk 
factor O

Subjective 
assessment 

on risk 
factor S

Subjective 
assessment 

on risk 
factor D

New RPN 
based on 

Ambiguity 
Measure

Figure 1. The framework of the new RPN based on the AM.

Definition 5. Assume that n (n ≥ 1) independent FMEA experts assess the FMEA items with RPN values in
a FMEA team; the AM-based RPN denoted as RPNam is defined as follows:

RPNam =
n

∑
i=1

w (ei)
n
∑

i=1
w (ei)

OiSiDi. (6)

where w (ei) is weight factor of the ith FMEA expert, which is based on AM, w (ei) is defined as follows:

w (ei) = AM (Oi) + AM (Si) + AM (Di) , (7)

where AM (·) is ambiguity degree of FMEA expert, and Oi, Si and Di are the assessed rating values for each
risk factor O, S and D by the ith FMEA expert.

With Equation (4), the AM value of risk factors by the ith FMEA expert is defined as follows:

AM (Oi) = − ∑
Oi∈A⊆X

BetPm (A) log2 (BetPm (A)),

AM (Si) = − ∑
Si∈A⊆X

BetPm (A) log2 (BetPm (A)) ,

AM (Di) = − ∑
Di∈A⊆X

BetPm (A) log2 (BetPm (A)),

(8)

where A is the proposition related to the assessment of the risk factor, X = {O, S, D} is the FOD of risk
factors, and BetPm (A) is the pignistic probability distribution of m (A). The fused rating values of Oi,
Si and Di assessed by the ith expert is defined as follows:

Oi =
10
∑

j=1
Rjmj (Oi),

Si =
10
∑

j=1
Rjmj (Si),

Di =
10
∑

j=1
Rjmj (Di),

(9)
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where j = (1, 2, ..., 10), Rj is the rating value assessed by the expert which satisfies R1 = 1, R2 = 2,
..., and R10 = 10; and mj (Oi), mj (Si) and mj (Di) are the mass functions of the corresponding rating
values assessed by the ith expert.

3.2. The Improved FMEA Approach Based on the New RPN Model

The block diagram of the proposed FMEA approach is shown in Figure 2, where the solid arrows
indicate the processing of uncertain information and data flow.

Step 1. Defining the scope of the FMEA analysis

Step 2. Preprocessing the subjective assessments from FMEA experts

Step 3. Measuring the subjective uncertainty of risk assessments

Step 4. Aggregating uncertainty of FMEA experts to construct the new RPN model

Step 5. Actions on FMEA items based on the proposed RPNs

฀

Figure 2. The framework of the new FMEA approach where the ambiguity measure in DST is adopted
to measure and aggregate the uncertainty consisted in the assessments of FMEA experts.
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Five steps in the improved FMEA approach are shown as follows.

• Step 1. Define the scope of the FMEA analysis.

The first step of FMEA process is defining the scope of FMEA experts, FMEA items and FMEA
customers. FMEA experts should come from different professional groups. The scope of FMEA
items should be handled very carefully and defined very cautiously, as well as the customers of
FMEA items.

• Step 2. Preprocess the subjective assessments from FMEA experts.

For each item in the defined FMEA scope, each expert from the FMEA team will give their own
assessments. The linguistic assessments on risk factors O, S and D should be constructed as
BPA in DST framework for the following processing. Many methods have been adopted to
construct BPAs in applications, such as the dynamic BPA method [27], the normal distribution
function-based BPA generation method [52], and so on.

• Step 3. Measure the subjective uncertainty of risk assessments.

The subjective assessments of FMEA experts have been modeled as BPAs according to the previous
step. Thus, for each risk factor of each FMEA item, the corresponding uncertain degree can be
measured by the AM in DST framework. Equation (8) presents the definition of the uncertainty
for each risk factor.

• Step 4. Aggregate uncertainty of FMEA experts to construct the new RPN model.

The subjective assessments on each risk factor of each FMEA item are expressed as BPAs, thus the
rankings of each risk factor represented as BPAs should be aggregated to construct the final
ranking of each risk factor for each FMEA item. Equation (9) presents the aggregated BPA-based
rankings of each risk factor by each FMEA expert. Simultaneously, the AM-based uncertainty
for each FMEA item is aggregated by Equation (7) to construct the weight factor of each FMEA
expert. Finally, the new RPN for each FMEA item based on the aggregated BPA-based RPN and
the AM-based weight factor of each FMEA expert can be constructed according to Equation (6).

• Step 5. Act on FMEA items based on the proposed RPNs.

Rankings of FMEA items is based on the new RPN model. The recommendations for all FMEA
items are based on the proposed FMEA approach. The FMEA item which has a higher risk level
is always more critical, thus it should be handled in advance.

The framework of the proposed FMEA method is consistent with ISO 31000 [56] on risk
assessment, e.g., the process of calculating the RPN value in FMEA can be integrated into ISO 31000
as a quantification method of risk evaluation. Some researchers have built a hybrid method for risk
identification, evaluation, and control based on FMEA and ISO 31000 [57].

4. Application in Fault Evaluation of Aircraft Turbine Rotor Blades

As a key component of aircraft, the possible risk in turbine rotor blades needs cautious study.
The case study in [51,52] is adopted to verify the improved FMEA method. Some photos of aircraft
blades as well as the sample of failures in aircraft blades can be found in [1,8].

Step 1. Define the scope of the FMEA analysis.

The ways of defining the scope of FMEA analysis is usually based on experience of a group or an
organization under a given process or object. Since how to define the scope of a FMEA process is not
the concern of this paper, the scope of the FMEA in the case study is adopted from [51] directly.

Step 2. Preprocess the subjective assessments from FMEA experts.

The BPAs constructed by the new method in [52] are adopted for this step.

Step 3. Measure the subjective uncertainty of risk assessments.
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Take the first failure mode and effect analysis (denoted as f mea1) as an example. The BPAs of
f mea1 are shown in Table 1.

Table 1. BPAs of experts’ assessment information for f mea1 (adopted from [52]).

Risk Factor Expert 1 Expert 2 Expert 3

O m (3) = 0.4,
m (4) = 0.6.

m (3) = 0.9,
m (4) = 0.1.

m (3) = 0.8,
m (4) = 0.2.

S
m (6) = 0.1,
m (7) = 0.8,
m (8) = 0.1.

m (6) = 0.1,
m (7) = 0.8,
m (8) = 0.1.

m (6) = 0.1,
m (7) = 0.8,
m (8) = 0.1.

D
m (1) = 0.1,
m (2) = 0.8,
m (3) = 0.1.

m (1) = 0.1,
m (2) = 0.8,
m (3) = 0.1.

m (1) = 0.1,
m (2) = 0.8,
m (3) = 0.1.

For f mea1, the measuring results for risk factors by Expert 1 with Equation (8) is calculated
as follows:

AM (O1) = − ∑
O1∈A⊆X

BetPm (A) log2 (BetPm (A)) = 0.9710,

AM (S1) = − ∑
S1∈A⊆X

BetPm (A) log2 (BetPm (A)) = 0.9219,

AM (D1) = − ∑
D1∈A⊆X

BetPm (A) log2 (BetPm (A)) = 0.9219.

(10)

Step 4. Aggregate uncertainty of FMEA experts to construct the new RPN model.

According to Definition 5 and the AM value calculated in Step, the corresponding weight factor
of Expert 1 can be calculated based on Equation (7):

w (e1) = AM (O1) + AM (S1) + AM (D1) = 2.8148, (11)

Then, the aggregated rating value of risk factors by Expert 1 can be calculated with Equation (9):

O1 =
10
∑

j=1
Rjmj (O1) = R3m3 (O1) + R4m4 (O1) = 3.6000,

S1 =
10
∑

j=1
Rjmj (S1) = R6m6 (S1) + R7m7 (S1) + R8m8 (S1) = 7.0000,

D1 =
10
∑

j=1
Rjmj (D1) = R1m1 (D1) + R2m2 (D1) + R3m3 (D1) = 2.0000.

(12)

Similarly, with Equations (7)–(9), the calculation results of f mea1 by Experts 2 and 3 is shown
in Table 2. Thus, according to the definition in Equation (6), the RPNam of f mea1 can be calculated
as follows:

RPNam =
n

∑
i=1

w (ei)
n
∑

i=1
w (ei)

OiSiDi = 46.4875. (13)
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Table 2. AM and aggregated rating values of each expert for f mea1.

f mea1 Expert 1 Expert 2 Expert 3

AM (·)
AM (O1) = 0.9710
AM (S1) = 0.9219
AM (D1) = 0.9219

AM (O2) = 0.4690
AM (S2) = 0.9219
AM (D2) = 0.9219

AM (O3) = 0.4507
AM (S3) = 0.9219
AM (D3) = 0.9219

Rating
O1 = 3.6000
S1 = 7.0000
D1 = 2.0000

O2 = 3.1000
S2 = 7.0000
D2 = 2.0000

O3 = 3.2000
S3 = 7.0000
D3 = 2.0000

w (ei) 2.8148 2.3129 2.2946

Table 3 shows the calculation results of all 17 failure modes (denoted as f mea1, f mea2, ..., f mea17)
for the compressor rotor blade in [52] with the proposed method, as well as a comparison with some
other methods.

Table 3. A comparison of RPN values.

FMEA Item The New Method MVRPN [51] Improved MVRPN [52] GERPN [53]

f mea1 46.4875 42.56 42.56 3.4910
f mea2 64.7921 64.00 64.05 3.9994
f mea3 30.0000 30.00 30.00 3.1069
f mea4 17.5822 18.00 17.97 2.6205
f mea5 3.6671 4.17 3.14 1.6095
f mea6 60.0000 60.00 60.00 3.9143
f mea7 21.0000 21.00 21.00 2.7586
f mea8 16.2000 15.00 15.00 2.4660
f mea9 70.5947 78.92 79.57 4.2881

f mea10 60.0000 60.00 60.00 3.9143
f mea11 50.0000 50.00 50.00 3.6836
f mea12 53.8039 50.00 50.00 3.6836
f mea13 49.3333 50.00 50.00 3.6836
f mea14 60.6337 60.00 60.04 3.9143
f mea15 41.9161 42.00 42.09 3.4756
f mea16 21.2967 23.88 23.86 2.8794
f mea17 31.2810 30.05 30.05 3.1089

For the convenience of comparison, the RPN values with other methods are also listed in Table 3.
The RPNam-based priorities of the compressor rotor blade and the turbo rotor blade are presented in
Figure 3.

Step 5. Act on FMEA items based on the proposed RPNs.

The following actions in FMEA approach are based on the new RPN value-based ranking of all
the FMEA items. In general, the smaller is the ranking number, the higher is the risk level. For a
process or product, the limited resource should always be adopted to improve the FMEA item with a
higher risk level.

For the compressor rotor blade, Figure 3 shows that f mea2 has the highest risk level, while f mea5
has the lowest risk priority level. The RPNam-based priorities for the compressor rotor blade are
f mea2 � f mea6 � f mea1 � f mea3 � f mea7 � f mea4 � f mea8 � f mea5 (“�” denotes a higher
priority), which is consistent with the methods in [51–53]. All FMEA experts have the same belief
and ranking assessments on the related FMEA Items f mea3, f mea6 and f mea7. Thus, the RPN values
with the proposed method for f mea3, f mea6 and f mea7 are the same as in [51,52], which indicates the
efficiency of the new method. Compared with the method in [51], the calculation results for FMEA
Items f mea2, f mea4 and f mea8 with RPNam are not integers, indicating that the proposed method is
more sensitive in modeling the difference of belief assignment coming from different FMEA experts.
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This can be a superiority in uncertain information processing because it means more accurate in
capturing changes of subjective assessments.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
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N
−

b
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s
e
d
 p
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ti
e
s

 

 
The proposed method

MVRPN

Improved MVRPN

GERPN

Figure 3. FMEA ranking of the compressor rotor blade (FMEA Items 1–8) and the turbo rotor blade
(FMEA Items 9–17) based on the proposed method, as well as the methods in [51] (MVRPN), [52]
(the improved MVRPN) and [53] (GERPN).

The RPNam-based priorities for the turbo rotor blade are f mea9 � f mea14 � f mea10 � f mea12 �
f mea11 � f mea13 � f mea15 � f mea17 � f mea16, which is consistent with the methods in [51–53]
in general. It should be noted that, as shown in Figure 3, the new FMEA approach can figure out
all the FMEA items with different ranking values and priorities, while the other methods in [51–53]
failed to distinguish the difference of rankings and priorities among FMEA Items f mea11, f mea12
and f mea13. The reason exists in the FMEA experts’ assessments on these FMEA items. As shown
in [51,52], there is no difference in the assessments coming from different FMEA experts for f mea11,
while there are differences for f mea12 and f mea13 regarding the assessments from different FMEA
experts, but the methods in [51–53] all failed to model and present the difference of different FMEA
experts assessments in the final RPN models. The experiment results verify that the new FMEA
approach can model the subjective assessments of FMEA experts in a more accurate and reasonable
way in some practical cases, which, in fact, is achieved significantly by the new RPN model.

5. Conclusions

An improved FMEA approach with a newly defined RPN is proposed in this paper, where the AM
in DST is adopted to construct the new RPN model which can measure and aggregate the subjective
uncertainty of FMEA experts’ assessments. The proposed method modifies the classical RPN model
by expressing the uncertain degree of expert opinions in FMEA as the relative importance of each
FMEA expert. Each part of assessment with respect to each risk factor in a FMEA item is modeled
as the evidence in DST. The uncertain degree of each piece of evidence is modeled as the ambiguity
degree by the AM in DST framework. The relative importance of different subjective assessments
in the new RPN comes from the assessment of FMEA experts itself, which is a way of mining the
inner uncertainty of subjective assessment. We believe this is a typical idea for modeling uncertainty
of subjective assessment in engineering. An application in fault evaluation of aircraft turbine rotor
blades verifies the applicable and useful of the new method. The new method is easy to understand by
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ordinary engineers and technicians, thus it can be easily extended to practical engineering applications.
In addition, the new FMEA approach is useful, especially for complicated cases where there is a
complex professional FMEA group, thus the relative importance of different experts must be taken
into consideration.

Possible future work will focus on the following directions. On the one hand, currently, we only
focus on applying the existing uncertainty measure to model the uncertainty of expert opinions.
In future research, we will try to propose some new methods for quantification of uncertain information,
since there are some new properties and features needed for uncertainty measure in the evidence
theory [59]. On the other hand, how to construct belief functions based on expert opinions [60] is a key
issue in real applications, thus, how to construct the belief functions based on FMEA experts’ opinions
needs further study. Furthermore, the relative importance among each risk factor also needs proper
addressing in practical engineering.

Author Contributions: Conceptualization, X.Z. and Y.T.; Methodology, X.Z. and Y.T.; Project administration, X.Z.;
Resources, X.Z.; Supervision, X.Z.; Validation, X.Z. and Y.T.; Writing—original draft, Y.T.; Writing—review &
editing, Y.T.

Funding: This research received no external funding.

Acknowledgments: The authors greatly appreciate the editor’s encouragement and the three anonymous
reviewers’ valuable comments and suggestions to improve this paper. Thanks are due to Shijie Li and Yongrui
Tang for those wonderful discussions and invaluable encouragements.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Kumar, A.; Ensha, S.; Irvin, J.F.; Quinn, J. Liquid Metal Corrosion Fatigue (LMCF) Failure of Aircraft Engine
Turbine Blades. J. Fail. Anal. Prev. 2018, 18, 939–947. [CrossRef]

2. Zhang, X.; Mahadevan, S. A Game Theoretic Approach to Network Reliability Assessment.
IEEE Trans. Reliab. 2017, 66, 875–892. [CrossRef]

3. Su, X.; Mahadevan, S.; Xu, P.; Deng, Y. Dependence Assessment in Human Reliability Analysis Using
Evidence Theory and AHP. Risk Anal. 2015, 35, 1296–1316. [CrossRef] [PubMed]

4. Valis, D.; Zak, L.; Pokora, O. Perspective approach in using anti-oxidation and anti-wear particles from oil to
estimate residual technical life of a system. Tribol. Int. 2018, 118, 46–59. [CrossRef]

5. Glowacz, A. Acoustic based fault diagnosis of three-phase induction motor. Appl. Acoust. 2018, 137, 82–89.
[CrossRef]

6. Glowacz, A. Fault diagnosis of single-phase induction motor based on acoustic signals. Mech. Syst.
Signal Process. 2019, 117, 65–80. [CrossRef]

7. Naderi, E.; Khorasani, K. Data-driven fault detection, isolation and estimation of aircraft gas turbine engine
actuator and sensors. Mech. Syst. Signal Process. 2018, 100, 415–438. [CrossRef]

8. Yildirim, M.T.; Kurt, B. Aircraft Gas Turbine Engine Health Monitoring System by Real Flight Data. Int. J.
Aerosp. Eng. 2018, 2018, 9570873. [CrossRef]

9. Arahchige, B.; Perinpanayagam, S. Uncertainty quantification in aircraft gas turbine engines. Proc. Inst.
Mech. Eng. Part G J. Aerosp. Eng. 2018, 232, 1628–1638. [CrossRef]

10. Wang, Y.M.; Chin, K.S.; Poon, G.K.K.; Yang, J.B. Risk evaluation in failure mode and effects analysis using
fuzzy weighted geometric mean. Expert Syst. Appl. 2009, 36, 1195–1207. [CrossRef]

11. Silva, M.M.; Poleto, T.; Camara e Silva, L.; Henriques de Gusmao, A.P.; Cabral Seixas Costa, A.P. A Grey
Theory Based Approach to Big Data Risk Management Using FMEA. Math. Probl. Eng. 2016, 9175418.
[CrossRef]

12. Liu, H.C.; Liu, L.; Liu, N. Risk evaluation approaches in failure mode and effects analysis: A literature
review. Expert Syst. Appl. 2013, 40, 828–838. [CrossRef]

13. Liu, H.C.; You, J.X.; You, X.Y.; Shan, M.M. A novel approach for failure mode and effects analysis using
combination weighting and fuzzy VIKOR method. Appl. Soft Comput. 2015, 28, 579–588. [CrossRef]

14. Huang, Z.; Jiang, W.; Tang, Y. A new method to evaluate risk in failure mode and effects analysis under
fuzzy information. Soft Comput. 2017. [CrossRef]

http://dx.doi.org/10.1007/s11668-018-0487-4
http://dx.doi.org/10.1109/TR.2017.2717186
http://dx.doi.org/10.1111/risa.12347
http://www.ncbi.nlm.nih.gov/pubmed/25847228
http://dx.doi.org/10.1016/j.triboint.2017.09.017
http://dx.doi.org/10.1016/j.apacoust.2018.03.010
http://dx.doi.org/10.1016/j.ymssp.2018.07.044
http://dx.doi.org/10.1016/j.ymssp.2017.07.021
http://dx.doi.org/10.1155/2018/9570873
http://dx.doi.org/10.1177/0954410017699001
http://dx.doi.org/10.1016/j.eswa.2007.11.028
http://dx.doi.org/10.1155/2016/9175418
http://dx.doi.org/10.1016/j.eswa.2012.08.010
http://dx.doi.org/10.1016/j.asoc.2014.11.036
http://dx.doi.org/10.1007/s00500-017-2664-x


Entropy 2018, 20, 864 11 of 12

15. Huang, J.; Li, Z.; Liu, H.C. New approach for failure mode and effect analysis using linguistic distribution
assessments and TODIM method. Reliab. Eng. Syst. Saf. 2017, 167, 302–309. [CrossRef]

16. Dempster, A.P. Upper and Lower Probabilities Induced by a Multi-valued Mapping. Ann. Math. Stat. 1967,
38, 325–339. [CrossRef]

17. Shafer, G. A Mathematical Theory of Evidence; Princeton University Press: Princeton, NJ, USA, 1976.
18. Shenoy, P.P.; West, J.C. Extended Shenoy-Shafer architecture for inference in hybrid bayesian networks with

deterministic conditionals. Int. J. Approx. Reason. 2011, 52, 805–818. [CrossRef]
19. Deng, Y. Generalized evidence theory. Appl. Intell. 2015, 43, 530–543. [CrossRef]
20. Smets, P.; Kennes, R. The transferable belief model. Artif. Intell. 1994, 66, 191–234. [CrossRef]
21. Denoeux, T. Maximum Likelihood Estimation from Uncertain Data in the Belief Function Framework.

IEEE Trans. Knowl. Data Eng. 2013, 25, 119–130. [CrossRef]
22. Liu, Z.G.; Pan, Q.; Dezert, J.; Mercier, G. Hybrid Classification System for Uncertain Data. IEEE Trans. Syst.

Man Cybern. Syst. 2017, 47, 2783–2790. [CrossRef]
23. Liu, Z.G.; Pan, Q.; Dezert, J.; Mercier, G. Credal classification rule for uncertain data based on belief functions.

Pattern Recognit. 2014, 47, 2532–2541. [CrossRef]
24. Zhou, K.; Martin, A.; Pan, Q.; Liu, Z. SELP: Semi-supervised evidential label propagation algorithm for

graph data clustering. Int. J. Approx. Reason. 2018, 92, 139–154. [CrossRef]
25. Song, Y.; Wang, X.; Wu, W.; Quan, W.; Huang, W. Evidence combination based on credibility and

non-specificity. Pattern Anal. Appl. 2018, 21, 167–180. [CrossRef]
26. Zhang, X.; Mahadevan, S.; Deng, X. Reliability analysis with linguistic data: An evidential network approach.

Reliab. Eng. Syst. Saf. 2017, 162, 111–121. [CrossRef]
27. Tang, Y.; Zhou, D.; Jiang, W. A New Fuzzy-Evidential Controller for Stabilization of the Planar Inverted

Pendulum System. PLoS ONE 2016, 11, e0160416. [CrossRef] [PubMed]
28. Zhou, K.; Martin, A.; Pan, Q.; Liu, Z.G. Median evidential c-means algorithm and its application to

community detection. Knowl. Based Syst. 2015, 74, 69–88. [CrossRef]
29. Han, D.; Liu, W.; Dezert, J.; Yang, Y. A novel approach to pre-extracting support vectors based on the theory

of belief functions. Knowl. Based Syst. 2016, 110, 210–223. [CrossRef]
30. Fu, C.; Yang, J.B.; Yang, S.L. A group evidential reasoning approach based on expert reliability. Eur. J.

Oper. Res. 2015, 246, 886–893. [CrossRef]
31. Ma, J.; Liu, W.; Miller, P.; Zhou, H. An Evidential Fusion Approach for Gender Profiling. Inf. Sci. 2015,

333, 10–20. [CrossRef]
32. Luis Rodriguez-Sotelo, J.; Osorio-Forero, A.; Jimenez-Rodriguez, A.; Cuesta-Frau, D.; Cirugeda-Roldan, E.;

Peluffo, D. Automatic Sleep Stages Classification Using EEG Entropy Features and Unsupervised Pattern
Analysis Techniques. Entropy 2014, 16, 6573–6589. [CrossRef]

33. Azami, H.; Abasolo, D.; Simons, S.; Escudero, J. Univariate and Multivariate Generalized Multiscale Entropy
to Characterise EEG Signals in Alzheimer’s Disease. Entropy 2017, 19, 31. [CrossRef]

34. Cao, S.; Dehmer, M.; Shi, Y. Extremality of degree-based graph entropies. Inf. Sci. 2014, 278, 22–33. [CrossRef]
35. Chen, Z.; Dehmer, M.; Shi, Y. A Note on Distance-based Graph Entropies. Entropy 2014, 16, 5416–5427.

[CrossRef]
36. Cao, S.; Dehmer, M. Degree-based entropies of networks revisited. Appl. Math. Comput. 2015, 261, 141–147.

[CrossRef]
37. Chen, Z.; Dehmer, M.; Emmert-Streib, F.; Shi, Y. Entropy bounds for dendrimers. Appl. Math. Comput. 2014,

242, 462–472. [CrossRef]
38. Hu, Q.; Che, X.; Zhang, L.; Zhang, D.; Guo, M.; Yu, D. Rank Entropy-Based Decision Trees for Monotonic

Classification. IEEE Trans. Knowl. Data Eng. 2012, 24, 2052–2064. [CrossRef]
39. Cirugeda-Roldan, E.; Novak, D.; Kremen, V.; Cuesta-Frau, D.; Keller, M.; Luik, A.; Srutova, M.

Characterization of Complex Fractionated Atrial Electrograms by Sample Entropy: An International
Multi-Center Study. Entropy 2015, 17, 7493–7509. [CrossRef]

40. Harmanec, D.; Klir, G.J. Measuring total uncertainty in dempster-shafer theory: A novel approach. Int. J.
Gen. Syst. 1994, 22, 405–419. [CrossRef]

41. Jousselme, A.L.; Liu, C.; Grenier, D.; Bosse, E. Measuring ambiguity in the evidence theory. IEEE Trans. Syst.
Man Cybern. A Syst. Hum. 2006, 36, 890–903. [CrossRef]

42. Deng, Y. Deng entropy. Chaos Solitons Fract. 2016, 91, 549–553. [CrossRef]

http://dx.doi.org/10.1016/j.ress.2017.06.014
http://dx.doi.org/10.1214/aoms/1177698950
http://dx.doi.org/10.1016/j.ijar.2011.02.005
http://dx.doi.org/10.1007/s10489-015-0661-2
http://dx.doi.org/10.1016/0004-3702(94)90026-4
http://dx.doi.org/10.1109/TKDE.2011.201
http://dx.doi.org/10.1109/TSMC.2016.2622247
http://dx.doi.org/10.1016/j.patcog.2014.01.011
http://dx.doi.org/10.1016/j.ijar.2017.09.008
http://dx.doi.org/10.1007/s10044-016-0575-6
http://dx.doi.org/10.1016/j.ress.2017.01.009
http://dx.doi.org/10.1371/journal.pone.0160416
http://www.ncbi.nlm.nih.gov/pubmed/27482707
http://dx.doi.org/10.1016/j.knosys.2014.11.010
http://dx.doi.org/10.1016/j.knosys.2016.07.029
http://dx.doi.org/10.1016/j.ejor.2015.05.042
http://dx.doi.org/10.1016/j.ins.2015.11.011
http://dx.doi.org/10.3390/e16126573
http://dx.doi.org/10.3390/e19010031
http://dx.doi.org/10.1016/j.ins.2014.03.133
http://dx.doi.org/10.3390/e16105416
http://dx.doi.org/10.1016/j.amc.2015.03.046
http://dx.doi.org/10.1016/j.amc.2014.05.105
http://dx.doi.org/10.1109/TKDE.2011.149
http://dx.doi.org/10.3390/e17117493
http://dx.doi.org/10.1080/03081079408935225
http://dx.doi.org/10.1109/TSMCA.2005.853483
http://dx.doi.org/10.1016/j.chaos.2016.07.014


Entropy 2018, 20, 864 12 of 12

43. Zhou, D.; Tang, Y.; Jiang, W. A modified belief entropy in Dempster-Shafer framework. PLoS ONE 2017,
12, e0176832. [CrossRef] [PubMed]

44. Dubois, D.; Prade, H. A note on measures of specificity for fuzzy sets. Int. J. Gen. Syst. 1985, 10, 279–283.
[CrossRef]

45. Yager, R.R. Entropy and specificity in a mathematical theory of evidence. Int. J. Gen. Syst. 1983, 9, 249–260.
[CrossRef]

46. Wang, X.; Song, Y. Uncertainty measure in evidence theory with its applications. Appl. Intell. 2017. [CrossRef]
47. Yang, Y.; Han, D. A new distance-based total uncertainty measure in the theory of belief functions.

Knowl.-Based Syst. 2016, 94, 114–123. [CrossRef]
48. Song, Y.; Wang, X.; Lei, L.; Yue, S. Uncertainty measure for interval-valued belief structures. Measurement

2015, 80, 241–250. [CrossRef]
49. Tang, Y.; Zhou, D.; Xu, S.; He, Z. A Weighted Belief Entropy-Based Uncertainty Measure for Multi-Sensor

Data Fusion. Sensors 2017, 17, 928. [CrossRef] [PubMed]
50. Zhou, D.; Tang, Y.; Jiang, W. An Improved Belief Entropy and Its Application in Decision–Making. Complexity

2017, 4359195. [CrossRef]
51. Yang, J.; Huang, H.Z.; He, L.P.; Zhu, S.P.; Wen, D. Risk evaluation in failure mode and effects analysis of

aircraft turbine rotor blades using Dempster-Shafer evidence theory under uncertainty. Eng. Fail. Anal. 2011,
18, 2084–2092. [CrossRef]

52. Su, X.; Deng, Y.; Mahadevan, S.; Bao, Q. An improved method for risk evaluation in failure modes and
effects analysis of aircraft engine rotor blades. Eng. Fail. Anal. 2012, 26, 164–174. [CrossRef]

53. Zhou, D.; Tang, Y.; Jiang, W. A modified model of failure mode and effects analysis based on generalized
evidence theory. Math. Probl. Eng. 2016, 2016, 4512383. [CrossRef]

54. Guo, J. A risk assessment approach for failure mode and effects analysis based on intuitionistic fuzzy sets
and evidence theory. J. Intell. Fuzzy Syst. 2016, 30, 869–881. [CrossRef]

55. Lin, Q.L.; Wang, D.J.; Lin, W.G.; Liu, H.C. Human reliability assessment for medical devices based on failure
mode and effects analysis and fuzzy linguistic theory. Saf. Sci. 2014, 62, 248–256. [CrossRef]

56. Barafort, B.; Mesquida, A.L.; Mas, A. Integrated risk management process assessment model for IT
organizations based on ISO 31000 in an ISO multi-standards context. Comput. Stand. Interfaces 2018,
60, 57–66. [CrossRef]

57. Rahimi, Y.; Tavakkoli-Moghaddam, R.; Iranmanesh, S.H.; Vaez-Alaei, M. Hybrid Approach to
Construction Project Risk Management with Simultaneous FMEA/ISO 31000/Evolutionary Algorithms:
Empirical Optimization Study. J. Constr. Eng. Manag. 2018, 144, 04018043. [CrossRef]

58. Xiao, N.; Huang, H.Z.; Li, Y.; He, L.; Jin, T. Multiple failure modes analysis and weighted risk priority
number evaluation in FMEA. Eng. Fail. Anal. 2011, 18, 1162–1170. [CrossRef]

59. Tang, Y.; Zhou, D.; Chan, F.T.S. An Extension to Deng’s Entropy in the Open World Assumption with an
Application in Sensor Data Fusion. Sensors 2018, 18, 1902. [CrossRef] [PubMed]

60. Yaghlane, A.B.; Denoeux, T.; Mellouli, K. Elicitation of expert opinions for constructing belief functions.
In Uncertainty and Intelligent Information Systems; World Scientific: Singapore, 2008; pp. 75–89.

c© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1371/journal.pone.0176832
http://www.ncbi.nlm.nih.gov/pubmed/28481914
http://dx.doi.org/10.1080/03081078508934893
http://dx.doi.org/10.1080/03081078308960825
http://dx.doi.org/10.1007/s10489-017-1024-y
http://dx.doi.org/10.1016/j.knosys.2015.11.014
http://dx.doi.org/10.1016/j.measurement.2015.11.032
http://dx.doi.org/10.3390/s17040928
http://www.ncbi.nlm.nih.gov/pubmed/28441736
http://dx.doi.org/10.1155/2017/4359195
http://dx.doi.org/10.1016/j.engfailanal.2011.06.014
http://dx.doi.org/10.1016/j.engfailanal.2012.07.009
http://dx.doi.org/10.1155/2016/4512383
http://dx.doi.org/10.3233/IFS-151809
http://dx.doi.org/10.1016/j.ssci.2013.08.022
http://dx.doi.org/10.1016/j.csi.2018.04.010
http://dx.doi.org/10.1061/(ASCE)CO.1943-7862.0001486
http://dx.doi.org/10.1016/j.engfailanal.2011.02.004
http://dx.doi.org/10.3390/s18061902
http://www.ncbi.nlm.nih.gov/pubmed/29891816
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	Preliminaries
	Dempster–Shafer Evidence Theory
	Failure Mode and Effects Analysis
	Ambiguity Measure

	The Ambiguity Measure-Based FMEA Approach
	The New RPN Model in DST Framework
	The Improved FMEA Approach Based on the New RPN Model

	Application in Fault Evaluation of Aircraft Turbine Rotor Blades
	Conclusions
	References

