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AN INTUITIONISTIC FUZZY RULE-BASED APPROACH TO FMEA

SUMMARY

With the advancing technology, systems are getting more complex. Regardless of the
industry, failures will hinder the demanded performance criteria and operations and
cease the required functionality. Failure Mode and Effects Analysis (FMEA) is
developed in order to evaluate, assess and analyze potential failures in the system and
in time it has become state of the art methodology, which is now vastly used in most
of the industries. FMEA considers three important factors, which are the severity of
the failure, likelihood of detection and probability of occurrence for each potential
failure mode. Even though traditional FMEA is being used extensively in many areas
for evaluating failure modes and risks, FMEA usually involves human judgments and
linguistic expression in real life combining with lack of information and imprecise data
available in the systems, which in return creates uncertainty and vagueness in the
system. Using traditional risk priority number (RPN) calculation method with crisp
values cannot represent the uncertainty in risk assessment. In addition to that, several
other shortcomings of the traditional FMEA is reported by several studies in the
literature. To deal with these problems, an intuitionistic fuzzy rule-based approach
(IFRB) for assessing risk prioritization in FMEA with Takagi Sugeno method is
proposed in this thesis. IFRB takes account of non-membership degree as well as
membership degree which in allows considering a degree of hesitancy to represent
indeterminacy and uncertainty in a more consistent and comprehensive way. IFRB has
three basic components. These components are; fuzzification of Severity (S),
Detection (D) and Occurrence (O) inputs, rule-based inference engine and
defuzzification to risk priority number replacing traditional multiplication of S, D and
O factors. The proposed approach mimics how FMEA experts express their
knowledge, experiences, and behavior in real life. Result of this study showed that an
intuitionistic fuzzy rule-based approach to FMEA can solve several critiques, it can
put a better overall performance and represent ambiguity and uncertainty in a more
extensive and compatible way compared to traditional RPN method and classical fuzzy
inference system.
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HATA TI"JRLER_i VE ETKILERi ANALIZINE KURAL TABANLI
SEZGISEL BULANIK MANTIK YAKLASIMI

OZET

Gelisen teknoloji ile sistemler daha karmasik hale geliyor. Hangi sektdrde olursa olsun
istenen performans dlciitlerini ve operasyonlarini engelleyecek ve gerekli islevselligi
durduracak hatalar ve tiirevleri buluncaktir. Hata Tiirii ve Etkileri Analizi (HTEA),
sistemdeki potansiyel hatalar1 degerlendirmek ve analiz etmek i¢in gelistirilmistir ve
zamanla, ¢ogu endiistri tarafindan siklikla kullanilan yontem haline gelmistir.

Hata Tiirt, bir sistemin ¢alisma davranisi ve miisterileri lizerinde etkisi olan olas1 bir
hata veya hata tiirevidir. Etki analizi, bu basarisizliklarin sonuglarini ve etkilerini
inceler. Hata Tiirii ve Etkileri Analizi, her bir potansiyel hata tiirii i¢in iic 6nemli
faktorii gbz oniinde bulundurur. Bunlar, hatanin etkisi ve siddeti (S), hatanin tespit
edilebilirligi (T) ve hatanin meydana gelme olasiligidir (O). Bu faktorlerin ilgili
uzmanlar tarafindan atanan dereceleri kullanilarak her potansiyel hata tiirii i¢in Risk
Oncelik Puam (ROP) hesaplanir ve bu puan potansiyel hata tiirlerinin ne kadar risk
teskil edildigini belirlemek ve hata tiirlerini kendi aralarinda onceliklendirmek icin
kullanilir. ROP’nin yiiksekligi hata tiiriiniin riskinin yiiksekligini gdsterir.

Hata Tiirli ve Etkileri Analizinin temelleri 1940'larda ABD savunma endiistrisi
tarafindan sistem ve ekipman hata tiirlerini degerlendirmek i¢in atilmis ve Amerikan
ordusu bu teknigi ordu standartlarina MIL-STD-1629 prosediirii ile eklemistir Daha
sonra NASA’da (The National Aeronautics and Space Administration), 1963’te ve
1973’te Apollo’yu gelistirirken uzay sistemlerini oldugundan daha giivenilir hale
getirebilmek i¢in Hata Tiirii ve Etkileri Analizini kullanmistir. 1970'lerde Ford Motor
Company, otomotiv endistrisinde Hata Tiiri ve Etkileri Analizi tekniginin
uygulanmasina Onciiliik etmistir. Bu metodoloji sayesinde medikal, havacilik,
savunma vb. endiistriler de kendi giivenilirlik standartlarin1 gelistirmis ve methodun
evrensellesmesini saglamistir.

Hata Tiirii ve Etkileri Analizi, Sistem Hata Tiirii ve Etkileri Analizi, Tasarim Hata Tiirti
ve Etkileri Analizi, Siire¢ Hata Tiirii ve Etkileri Analizi ve Hizmet Hata Tiirii ve
Etkileri Analizi olmak tizere dort tipte siniflandirilabilir.

Giliniimiiz diinyasinda HTEA, kuruluslar i¢in kalitelerini, giivenilirliklerini ve
emniyetlerini artirmaya yonelik bir ¢ok avantaj saglar. Bu avantajlar asagida ki gibi
siralanabilir;

. Bir iiriiniin veya hizmetin her bir alt sistemi iizerinde farkli bilgi ve
disipline sahip farkli uzmanlar arasindaki iletisimi arttirir. Miisterilerin
ihtiyaclarin1 analiz etmek ve tanimlamak igin c¢esitli bilgilere sahip
tedarikgilerin bir araya getirilmesini saglar.

. Her tiirlii uzman yardimiyla, karmagik sistem hatalarina daha basit
¢Oziimler bulabilir.
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. Tiim olasi hata tiirlerini, bunlarin iliskilerini, sebeplerini ve tiim sistem
tizerindeki etkilerini ele almak i¢in ¢ok etkili bir aragtir.

. Gergekei ve giivenilir hata tiirlerinin tanimlanmasi, glivenilir hizmet ve
tirtinlerin olusturululmasini, garanti ve gelistirme siireclerinin iyilesmesini
saglar. Boylece artan kalite ile miisteri memnuniyeti de arttirilir.

. Anlamay1 kolaylastirmasi ve gorsellestirmesi sayesinde verimli aragtir.
. Kullanict odakli oldugu i¢in etkili bir egitim aracidir.

Buna ek olarak, literatiirdeki cesitli ¢aligmalarda geleneksel Hata Tiirli ve Etkileri
Analizi i¢in bazi eksiklikler dezavantajlar mevcuttur. Bu calismanin odaklandigi
sorunlar asagidaki gibi siralanabilir.

. Geleneksel HTEA’da, her hata tiirii i¢cin S, T ve O faktorleri uzmanlar
tarafindan dogal insan davranislari, diistinme bi¢imi ve sozsel ifadelestirmesi
ile derecelendirilir ve bu sistemde belirsizlik olusturur. Sozsel ifadeler ile
derecelendirilmesine ragmen net matematiksel degerleri olan geleneksel Risk
Oncelik Puani hesaplama ydntemini kullanmak, risk degerlendirme siirecinde
olusan belirsizligi temsil edemez. Diger yandan bu asamada uzmanlar tam,
yeterli, dogru ve kesin bilgiye de genellikle sahip degildir, bu da bir kararsizlik
ve tereddiit olusturur. Bu noktada, Hata Tiirli ve Etkileri Analizinin uzmanlarin
kararsizligii ve sistemde ki belirsizligi hesaba katmadan mevcut ve olas1 hata
tiirleri hakkinda risk ve kalite analizi yapmaya ¢alistigin1 belirtmekte fayda var.
Tam, yeterli ve kesin bilgiyi elde edebilmek bazen miimkiin olsada, bunu
basarabilmek ¢ok fazla kaynak gerektirir. Bu kaynaklar sadece maliyet ve
zaman degil ayn1 zamanda islem kabiliyeti ve donanim yeterliligi ile de
simirhidir. Ve cogu zaman, tam ve kesin bilgiye sahip olmanin getirecegi katma
deger harcanacak kaynak i¢in yeterli degildir.

. Her faktorii basitce carpmak, bu faktorler arasindaki bagimlilig
gormezden gelir. §, T ve O farkli ortamlarda farkli 6nem veya agirliklara sahip
olabilir.

. Ik bakista, ROP'iin 1'den 1000'e kadar biitiin degerleri alabildigi
zannedilebilir. Ancak, 1 ila 10 arasinda sadece tam say1 degerleri alabilen 3
tam saymm, §, T ve O’nun, carpimi, 1000 degerden yalnizca 120sini
iiretebiliyor. Bu, kalan 880 degerinin 6lgekte iiretilemedigini gosterir. ROP
degerleri siirekli degildir. Alinabilen degerlerin %94’i 500’{in altindadir. Ve
aliabilen degerlerin ortalamas1 zannedilebilecegi gibi 500 degil, 166’dur.

. S, T ve O’nun carpmmu ile iiretilebilen 120 ROP degerinden sadece 6
tanesi §, T ve O faktorlerinin tek bir ¢arpim kombinasyonu ile iiretilebilir.
Kalan 114 deger, en az S, T ve O faktorlerinin 3 farkli kombinasyonu ile
tiretilebiliyor. Bu, her bir faktoriin farkli etkilerinin goz ardi edilmesine yol
acar. Ornek olarak, 60 degeri, S, T ve O faktodrlerinin 24 farkli kombinasyonu
ile hesaplanabilir.

. Normalde, sirali  Olcekler arasinda  matematiksel islemler
gerceklestirilemez, c¢linkii sirali 6lgekteki her bir sira arasindaki fark miktari
subjektiftir. Bu fark Ol¢iilemez ve her bir sira arasindaki fark ayni degildir.
Ancak geleneksel HTEA’da §, T ve O faktorleri sirali 6l¢ekler kullaniyor ve
bu 3 sirali 6lgekle ROP’1 matematiksel islemlerle hesaplaniyor.
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. Ayrica, ¢arpma isleminin kendisi S, T ve O degerlerinde artis ve
azalmaya kars1 ¢ok hassastir. Ayrica, potansiyel ROP degerlerinin sadece %
6's1 ile 500'in lizerindedir (normalde 500, 1 ila 1000 arasinda medyandir). Bu
yiizden faktorler arasindaki iligkiyi gostermek i¢in ¢arpimin kullanilmast
sorgulanmalidir.

. S, T ve O faktorleri arasinda dolayl: bir iligkiyi olabilir ve geleneksel
HTEA bunu gérmezden gelir.

Bu tezde, Hata Tiirii ve Etkileri Analizinde ki risk dncelik puani hesaplamasina bir
sezgisel bulanik mantik yaklasimi 6neriliyor. Onerilen yaklasim, HTEA uzmanlarinin
bilgilerini, deneyimlerini ve davranislarini gergek hayatta nasil ifade ettiklerini taklit
etmektedir. HTEA’da Kural Tabanhi Sezgisel Bulanik Mantik yaklasimi, normal
bulanik mantiktan farkli olarak elemanin bir kiimeye ait olma derecesini hesaba kattig1
gibi bir elemanin kiimeye ait olmama derecesini de hesaba kattigindan, bir tereddiit
derecesi hesaplar. Bu sayede belirsizligi, kesin olmayan, yanlis ve eksik bilgiyi daha
tutarli ve kapsamli bir sekilde temsil edebilir. Sezgisel Bulanik Mantigin {i¢ temel
bileseni vardir. Bunlar Bulaniklagtirma, kural tabanli anlamlastirma ve
durulastirmadir. 1 ile 10 arasinda dogal say1 degeri alabilen §, T ve O’nun ¢arpimi
yerine bulaniklagtirma, kural tabanli anlamlastirma ve durulastirma sayesinde
yukarida bahsedilen diger dezavantajlar kaldirilmis olur.

Bulaniklastirma islemi, ait olma ve ait olmama fonksiyonlarini kullanarak kullanicinin
bilgilerini, deneyimini ve gézlemlenen verilerini bulanik hale cevirir. Bu asamada S,
T ve O’ya ait olma ve ait olmama fonksiyonlarinin ve buna bagl dilsel degiskenlerin
tanimlanmas1 gerekir. Bu fonksiyonlar sayesinde S, T ve O’ya atanan net degerler
bulaniklastirilir.

Sonrasinda anlamlastirma asamasinda kullanilacak olan “Eger-O zaman” anlastirma
kurallar, dilsel degiskenlere gore tiiretilebilir, dolayisiyla, sistemin girdileri ve
c¢iktilar arasindaki iligki belirlenir. “Eger-O zaman” kural1 “Eger x1 A ise, o zaman x2
B’dir” olarak orneklenebilir. Buna gore, A ve B dilsel degiskenlerdir ve “Eger x1 A
ise” sart ve “O zaman x2 B’dir” sonugtur. Dolayisiyla, bulanik bir kural, bir kosulu ve
bununla ilgili sonucu igerir. HTEA igin S, T ve O girdi, ROP ¢iktisidir. Anlamlastirma
kurallarindan elde edilen ¢iktilar segilecek methodalarla birlestirilir ve bir ¢ikt1 elde
edilir.

Anlamlastirma asamasinda tiiretilen sonuglar hala bulanik bir degerdir. Net bir ¢ikt1
elde etmek i¢in durulastirilmast gerekir. Bu amag i¢in, ¢iktilarin ait olma fonksiyonu
ve ait olmama fonksiyonu tersten kullanilir. Bu isleme durulastirma denir. Bu islem
sonrasinda net bir ROP ¢iktis1 elde edilir.

Bu yontemle HTEA daha iyi1 bir genel performans sergileyecek ve uyumlu bir sekilde
bilgi eksikligi, bilgi kisiti, belirsizlik ve kararsizliktan kaynaklanan problemleri
¢Ozecektir.
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1. INRODUCTION

Having problems in systems is inevitable regardless of the area, region or industry.
And companies have to evaluate the potential risks which threaten the system’s quality
and performance. However, there is an effective tool which is so-called “Failure mode,

effects, and analysis™ (FMEA) to analyze these failures and to minimize possible risks.

FMEA is one of the systematic techniques to detect and prioritize possible failures of
a system or product. By this analysis, all failure modes (FM) are specified, verified
and classified based on their significance and related risks on the performance of the
system will be defined. Besides, causes and future effects of each FM are evaluated to
take preventive actions and precautions, that help to improve the quality of the whole

system.

The failure mode (FM) is a possible mode of a system’s errors or failures having an
impact on a system’s working behavior and thereby on the customers. Effect analysis
is the study to examine the outcomes and impacts of these failures. Risk priority
number (RPN) is used to determine how much risk is posed by potential failure modes
by considering severity, occurrence and detection factors of each FM (Chang et al.,
2009).

First developments on FMEA date back to USA defense industry in the 1949s for
evaluating their system and equipment failures. NASA used FMEA while developing
Apollo to have reliable space systems in 1963 then in 1973, the American army used
this technique in the army standard ‘“MIL-STD-1629: procedures for performing a
failure mode effects and criticality analysis’’. Ford Motor Company also pioneered
practicing the FMEA technique in the automotive industry in the 1970s. Via this
methodology, various industries including medical, aerospace, defense, etc. developed
their own reliability standards. In today’s technology, FMEA became a universal state
of art methodology in different manufacturing and service industries (Chang et al.,
1999; Asan and Soyer, 2015; Chang et al., 2009).



FMEA can be classified into four types which are System FMEA, Design FMEA,
Process FMEA, and Service FMEA. The descriptions and general attributes of each

are explained below.

(i) System FMEA is an analysis of failure modes at the system level, consisting of

several subsystems. By this:

. open points and related functions on the entire system such as integration
of subsystems, interactions of each subsystem, system reliability, the

performance of the entire system
. interactions between the environment and human,
. working behaviors and interactions with other external systems
can be analyzed (Asan and Soyer, 2015).

(ii) Design FMEA is an analysis of failure modes at the design stages of the products.
In other words, it focuses on the early detection of failures while the product is first
designed. In this way, design related deficiencies are specified and it ensures the
quality of the product in terms of its reliability and safety standards at the early design

process.

(iii) Process FMEA is an analysis of possible failure modes related to process
deficiencies. This concept is used to detect and analyze the manufacturing and

assembly related failures of a product.

(iv) Service FMEA is an analysis of available services before the product delivery to
the customers. Its main focus is to analyze and detect the deficiencies because of
process related or system related failures. Its goal is to maximize customer satisfaction

by predetermined failure modes.

In this study, application and case study is based on System FMEA and Process FMEA
in a manufacturing and assembly line with several processes and subsystems which

involves also human interaction.

Today, FMEA is a widely used methodology that has many upsides for organizations,
having a deep focus on increasing their quality, reliability, and safety. These

advantages can be listed as follows (Asan and Soyer, 2015).



. It increases the communication between experts who have different
knowledge and expertise on each subsystem of a product or service. It
provides a common platform for experts having various knowhow to

analyze and identify the needs of customers.

. With the help of various experts, complex system failures can find simpler
solutions.
. It is a very efficient tool to address all possible failure modes, their

relationship, their causes and their impacts on the entire system.

. The identification of realistic and reliable failure modes creates reliable
services and products, improve the warranty and development process.
Thus, it increases customer satisfaction with the increased quality of the

products and services.

. It is a user-oriented tool which enables efficient visualization for its users

and managers. Also, it is an effective training tool.

Despite the given advantages above, several disadvantages of the FMEA methodology
reported in the literature. For further details on the disadvantages of the FMEA, please
refer to Section 2.2. Risk assessment in FMEA is subjective and done by an individual
expert or group decision of several experts. Experts use their expertise, perspective,
concerns, and available knowledge in order to assess potential risks. Like natural
language in real life, human expressions (e.g. experts assessments) usually cannot be
classified to completely false or true. Usually, human expressions contain a degree of
true or false. For example question of "how hot is the coffee™ can have many answers
like "somehow hot or nearly hot" which cannot be considered as completely hot. In
other words, "somehow hot" expression has a degree of truth of being hot.
Consequently, these linguistic variables cannot be converted into binary values 0 and
1 and cannot be computed with mathematical equations. Fuzzy sets are designed to
overcome this issue by representing linguistic variables with a degree of truth. Just like
the above examples, fuzzy sets (hot) represent the elements (somehow hot) with a
degree of membership. In other words, an element is a member of a fuzzy set with a
grade on a closed interval [0,1] instead of either being a member of the set (true) or
not being a member of the set (false). L. A. Zadeh introduced this methodology in
1965.



Fuzzy sets are based on the analysis of analog inputs having continuous membership
values to the sets. In other words, logic is not based on specific and precise values or
numbers, but it is based on the fuzziness of the inputs. At this point, it is worth to

mention that the word “fuzzy” refers to uncertainty or gray area.

A Fuzzy controller makes use of fuzzy sets in the control systems by implementing
empirical rules. So a fuzzy controller computes with linguistic rules and human-like
intelligence rather than using mathematical calculations. Fuzzy logic is the system to
generate a fuzzy conclusion from logical rules with fuzzy controls, which has fuzzy
premises and fuzzy output (Aguila et al., 2016; Aguilaetal., 2017; Akram et al., 2014;
Zadeh, 1965; Zadeh, 1975; Ross, 2009; Butt and Akram, 2016).

Fuzzy logic is used in various disciplines like engineering, signal processing, social

sciences, graph theory, robotics computer networks, medical sciences, etc. It can be

used where
. computing with equations are complex
. inputs are represented by linguistic variables but not by precise numbers
. finding precise, and complete data is resource consuming or not possible
. desired output can tolerate a degree of uncertainty
. decisions can be based on linguistic models mimicking human behavior

and thinking (Akram et al., 2014; Akram et al., 2013).

Later in 1983, Atanassov introduced intuitionistic fuzzy sets as an extension to fuzzy
sets and as a higher order fuzzy set, enabled representing uncertainty and vagueness
of the system in a more compatible and extensive way. In intuitionistic fuzzy sets, each
element has the degree of membership as well as the degree of non-membership.
Accordingly, when the sum of the degree of membership and degree of non-
membership is less than 1, the difference represents the degree of uncertainty of the
element. Degree of uncertainty can be also defined as hesitancy or indeterminacy of
an element belonging to the fuzzy set (Akram et al., 2014; Akram et al., 2013).

Since intuitionistic fuzzy sets are higher order fuzzy sets, their implementation brings
complexity on some resources including time, volume, or memory size by including a
non-membership function. Also maintaining intuitionistic fuzzy sets is harder due to

the same complexity. Nevertheless, if the necessary resources difference between



intuitionistic fuzzy sets and fuzzy sets are insignificant then intuitionistic Fuzzy sets
can give better results by representing uncertainty in the system, handling imprecise
and vague concepts appropriately (Akram et al., 2014; Akram et al., 2013; Butt and
Akram, 2016; Aguila et al., 2016).

1.1 Problem Definition

Even though traditional FMEA is used extensively in many areas for evaluating failure
modes and risks which usually involves human judgments and linguistic expression,
it is unable to handle uncertainty and vagueness in the system. Today, with advanced
SW, sensor, internet, data solutions and multilayered HW-SW integrated subsystems,
industries have to face, develop and maintain very complex systems. As a result,
industries usually have inadequate and imprecise information. On the other hand,
getting complete and precise information is a tradeoff between resources and added
value. Resources are not limited by only cost and time, but also technology like
processing capability and HW competence. At this point, it is worth to mention that
FMEA attempts to make risk and quality analysis without having sufficient or certain
information about the system and its possible failure modes at the present and future
(Chang et al., 2009; Akram et al., 2014; Butt and Akram, 2016). In order to deal with
uncertainty and vagueness, new modeling techniques were introduced such as Fuzzy
Logic. For further details on methodologies dealing with uncertainty in FMEA please

refer to Section 2.3.

Detecting and giving priority to any failure mode and the analysis on them generally
brings to cope with insufficient and unclear information. In addition, it requires
analyzing the subjective ideas of the specialists. The reason to have such uncertain,
subjective and ambiguous information can be as the followings: (i) lack of information,
knowledge or education or insufficient processing competencies, (ii) implicit
evaluation based on varied ranking standards, i.e. with the change in conditions, (iii)

partial and subjective competence.

It is strange enough that even if there is adequate knowledge in a group of experts, the
third point above can be still valid. The reason for those decisions in FMEA studies
are the results of ideas collected by experts with different backgrounds and subjective
evaluations. (Chin et al., 2009b; Song et al., 2014).



Therefore, it is clear that having the correct evaluations including risk factors is not
possible because of the above reasons. On the other hand, if only accuracy based
methods are used, then the vague factors will of course ignored. At this point, it is
worth to mention the drawbacks of the traditional FMEA (Asan and Soyer, 2015):

i. If there is no sufficient data, experts could not analyze it because the

distribution cannot be exactly determined in a very small domain.
ii.  Experts cannot assess when there is carelessness or negligence in any case.

iii.  Experts can only be able to consider consistent data, they cannot consider and

integrate various other data at the same time.

iv.  Experts cannot consider whether the given information is relying on any

hypothesis.

v. Experts cannot give importance or trust in a subjective analysis of the

specialists.

vi.  Experts cannot consider different personal ideas from many specialists from

different disciplines.

Therefore, Experts cannot analyze any mixed information including risk factors,

possibilities, personal ideas, hypothesis, etc.

As a result, prioritizing and identifying possible failure modes and effects in the risk
assessment process requires dealing with vague or unclear information and subjective

evaluations (Asan and Soyer, 2015).

This study proposes an intuitionistic fuzzy rule-based approach which can be
represented by a fuzzification, inference, and defuzzification with a linear combination
of two classical fuzzy sets which are membership and non-membership functions with

Takagi Sugano formula.

1.2 Purpose of the Thesis

The goal of this thesis is sufficiently representing the uncertainty and vagueness in the
risk assessment, mimicking human thinking by fully integrating a degree of hesitancy
into FMEA. The second goal is overcoming shortcomings and disadvantages of
traditional FMEA methodology specified in Section 2.2 by using newly proposed
IFRB and comparing IFRB to FRB. Finally yet importantly there are other



Intuitionistic Fuzzy set-based or hybrid, integrated approaches to FMEA, but none of
these studies are based on Intuitionistic Fuzzy rule-based approach.

FMEA |
Uncertainty and _ | Intuionistic Fuzzy Rule-Based Approach | Intuitionisticaly
Vagueness in Risk Assessment o to FMEA Defuzzified RPN

IFRBS Mechanisms !

Figure 1.1 : Basic Methodology.

The traditional FMEA inputs and ratings will be integrated into the proposed method
by IFRBS mechanisms and considering uncertainty in the system. Finally, an
Intuitionistically defuzzified RPN output will be given. The related basic methodology

can be found in Figure 1.1.

1.3 Organization of the Thesis

This study consists of the following sections: Chapter 2 presents FMEA, its concepts,
and criticisms from literature about the classical FMEA approach. In this context,
concepts like risk priority number (RPN), failure modes, calculation of risk factor, the
dependency between failure modes will be explained. In addition, a literature review
is available for the methodologies dealing with uncertainty in FMEA. Chapter 3
introduces the Fuzzy Logic and intuitionistic fuzzy logic by the introduction of fuzzy
sets and intuitionistic fuzzy sets. Later on inference systems including fuzzification,
inference engine and defuzzification techniques are explained to model the inputs to
outputs. Chapter 4 explains the proposed IFRB model for FMEA the detailed
methodology and algorithm. Chapter 5 presents all details of the application, including
data collection, analysis, results and comparisons between IFRB, FRB and Traditional
RPN Method. Chapter 6 contains general discussions on the proposed method and

future research directions.






2. FAILURE MODE AND EFFECTS ANALYSIS

In this section, FMEA concepts and definitions will be introduced, and then criticism
on the traditional FMEA will be listed from literature survey. It will be closed with an

overview of methods dealing with uncertainty under FMEA.

2.1 Concepts and Definitions

FM are potential errors or failures which are terminating systems operations or
preventing necessary functions within expected performance required by the system
(ISO/IEC-15026-1, 2013). Therefore, each potential failure mode needs to be
evaluated based on prioritization because of the limited resources to solve or prevent
the failure or error in the system. In order to prioritize, effects analysis is done for each
failure modes to study and examine the outcomes and impacts of these failure modes.
Risk priority number (RPN) is used to define how much risk is posed by potential
failure modes under effect analysis than in order to prioritize potential risks. RPN
evaluates the amount of risk by each failure mode based on the following factors: (i)
Severity of outcome (S), (ii) its probability of occurrence (O), (iii) the likelihood of its
detection afterward (D). For each failure mode, S, O and D factors are assessed by
experts and assigned an integer number from 1 to 10, as explained in Tables 2.1, 2.2
and 2.3. Then, RPN is calculated with a multiplication of the S, O and D factors, at the

end RPN will be in the range from 1 to 1000. In equation form;
RPN=0xSxD (2.1)

Accordingly, higher RPN value of an FM implies that it has a higher potential risk and
it needs to be evaluated with higher priority. (Chang et al., 2009; Asan and Soyer,
2015; Bozdag et al., 2015; Meraj and Farhad, 2015; Liu et al., 2013)



Table 2.1 : Severity scale for a FM.

Rating Effect Severity of Effect

10 Hazardous Very high severity ranking when a potential FM effects
without warning  safe system operation without warning

9 Hazardous with Very high severity ranking when a potential FM effects
warning safe system operation with warning

8 Very high System inoperable with destructive failure without

compromising safety

7 High System inoperable with equipment damage

6 Moderate System inoperable with minor damage

5 Low System inoperable without damage

4 Very low System operable with significant degradation of

performance

3 Minor System operable with some degradation of performance

2 Very minor System operable with minimal interference

1 None No effect

Table 2.2 : Probability of occurrence scale for a FM.

Rating Probability of occurrence Failure probability

10 Extremely high: failure is almost inevitable  >1in 2

9 Very high 1in3

8 Repeated failures 1in8

7 High 1in 20

6 Moderately high 1in 80

5 Moderate 1in 400

4 Relatively low 1in 2000

3 Low 1in 15,000

2 Remote 1in 150,000

1 Nearly impossible <1in 1,500,000
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Table 2.3 : Likelihood of detection scale for a FM.

Rating Detection Detection

10 Absolute Potential cause/mechanism and subsequent FM cannot
uncertainty be detected

9 Very remote Very remote chance of detecting potential

cause/mechanism and subsequent FM

8 Remote Remote chance of detecting potential cause/mechanism
and subsequent FM

7 Very low Very low chance of detecting potential cause/mechanism
and subsequent FM

6 Low Low chance of detecting potential cause/mechanism and
subsequent FM
5 Moderate Moderate chance of detecting potential cause/mechanism

and subsequent FM

4 Moderately Moderately high chance of detecting potential
high cause/mechanism and subsequent FM

3 High High chance of detecting potential cause/mechanism and
subsequent FM

2 Very high Very high chance of detecting potential
cause/mechanism and subsequent FM

1 Almost certain  Potential cause/mechanism and subsequent FM will be
detected

2.2 Criticism on Traditional FMEA

Traditional FMEA is simple to use and holds several advantages. However, at the same
time, it represents multiple weaknesses and problems. A brief summary of
shortcomings can be found below from several studies in the literature, which
enlighten those weaknesses. (Asan and Soyer, 2015; Bozdag et al., 2015; Chang et al.,
2009; Meraj and Farhad, 2015). This study focuses on the first 8 bullets given below:

e In FMEA, ratings are subjective and risk assessment has uncertainty. While
assigning S, O and D ratings, It is nearly impossible to have complete and

precise information for intangible quantities and linguistic expressions.
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Simply multiplying each factor ignores the relativity between those factors. S,

O, and D may have different importance or weights in different environments.

Every environment may represent different challenges to improve S, O and D
factors of FMs. Difficulty, feasibility, and complexity of the further
improvements on FMs are not considered in FMEA. For example, factors that

require fewer challenges may carry higher importance in a system.

At first glance, it can be seen as RPN takes values starting from 1 to 1000
which represents the scale. But the multiplication of S, O, and D which are
three integer values from 1 to 10, can only generate 120 unique values out of
1000 values in scale. Which shows that the remaining 880 values cannot be
generated in this way. RPN values are not continuous. It can mislead to think
that the average of RPN values is 500 and approximately half of the RPN
values are higher than 500 (assumed median). But actually, the average of the

RPN values are 166, only 6% percent of the RPN values are above 500.

Only six RPN values out of 120 possible values can be generated with a unique
combination of S, O and D ratings. Remaining 114 Values can be generated
with at least 3 different combinations of S, O, and D. Which leads to ignoring
different effects of each factor. As an example, RPN value 60 can be calculated
by 24 different combinations of S, O and D factors. The entire purpose of
generating RPN values is prioritizing FMs and risks then preventing most
important FMs with limited resources. However, RPN values which can be
calculated with different sets of S, O, and D cannot show the differences in

relevant risk implications for each set.

Normally mathematical operations cannot be performed between ordinal scales
since the amount of difference between each rank in the ordinal scale is
subjective which means that it can not be measured and each difference is not
identical. But in traditional FMEA, S, O, and D are using ordinal scales and
RPN values are calculated with mathematical operations with these 3 ordinal

scales.

Also, multiplications itself is very sensitive to increase and decrease in the S,
O and D values. Which also can be seen by only 6% of the potential RPN
values is above 500 (which is normally median in a 1 to 1000 scale). So using

12



multiplication is also questionable for representing the relationship between
factors.

e There could be an indirect relationship between S, O and D factors although
traditional FMEA ignores it.

e There could be dependencies between FMs and those relationships are also
ignored with traditional FMEA:

e The conversion method is different for O factor and S, D factors. There is a
non-linear relationship between O ratings and O’s probability scale and there

is a linear relationship with D, S and their probability scale.

There may be other significant factors for assessing FMs like costs, mass production,
quality, etc. Traditional FMEA only considers 3 factors while ignoring other potential

factors.

2.3 Methods Developed for Dealing with Uncertainty in FMEA

According to Liu et al. (2013), majority of methods developed for dealing uncertainty
in FMEA can be classified according to their methodology basis (Refer to Figure 2.1),
which is mathematical programming, rule based artificial intelligence, Multi-Criteria
Decision Making (MCDM). The most used method of all is fuzzy rule-based Al and
then MCDM. Although MCDM has the capability to solve problems related to
modeling by weighting, scaling, aggregation, and uncertainties in the assigning rating
and subjectiveness, Fuzzy Rule-based Al is preferred. Because firstly, risk assessment
can be customized according to different perspectives, secondly it can handle
uncertainty and incomplete information in a steady way, and lastly, it can represent the
relationship between factors in a more flexible and practical way. However, Fuzzy
Rule-Based Al has also some shortcomings. Creating competent and therefore
complex IF-THEN rules can be found inefficient and can create unnecessary cost.
Otherwise, if rules are not competent inferences can be inaccurate and biased. Also to
keep rules competent with the changes in the system, product, etc, these rules have to
be maintained and updated from time to time. Other than rules, membership functions
are also hard to generate and maintain. Among implemented Fuzzy Sets and its
extensions, IFS is being benefitted increasingly in recent years in FMEA because of

its extensive and compatible way of handling uncertainty (Asan and Soyer, 2015).
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Methods Dealing with Uncertainty in FMEA
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. Rule Based
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9 9 Intelligence

Figure 2.1 : Classification for Methods Developed for Dealing with Uncertainty in
FMEA.

Modeling the vagueness and ambiguous data is an outstanding feature of fuzzy theory.
The vagueness here may be caused by insufficient data because of the restricted human
capabilities and information. (Liu and Lin 2010) There will be, of course, some
ambiguous input of the system. At the same time, the system being considered may
have some complicated parts, which therefore highly increase the fuzziness of the
FMEA. As a solution to these problems, fuzzy set theory has been introduced to
express all of these fuzzy factors. In 1995, Bowles and Pelaez used the S, O and D as
risk elements in FMEA. Then, failure modes of these risk factors are evaluated by
using verbal factors. Then, degree of membership of FMs is determined. After that,
inputs of the fuzzy system are assessed via logical operator. The last step is
defuzzification of the conclusions and determination of the risk range of each failure
modes. Another example is the study of Liu et al. (2012) Who used linguistic variables
to rank the risk of each S,0, D. Based on that, he developed a new methodology to
represent the risk amount of failure modes. Another study is improved by Lin et al.
(2014) to have an assessment on people’s trustworthiness on the medical appliance. In
that assessment, again, fuzzy linguistic and fuzzy logic is applied to cope with the
personal comments of different specialists considering important factors which affects
the reliability of FMEA experts. All of these examples demonstrates that fuzzy set
theory have more upsides than the classical FMEA methods. These upsides can be

summarized as the follows (Asan and Soyer, 2015):
1) both numerical and qualitative features of data can be used and analyzed.

2) as shown in the above examples, amount of risk in each failure mode can be

evaluated via verbal concepts.

3) S,0,D may be assessed together via logical operators easily.
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3. INTUITIONISTIC FUZZY INFERENCE SYSTEM

In this section, firstly fuzzy sets will be introduced as a generalization of the classical
sets theory, i.e. sets with crisp boundaries. In addition, intuitionistic fuzzy sets will be
introduced as a higher order of fuzzy sets with a comparison with fuzzy sets.
Thenceforward fuzzy inference system and intuitionistic fuzzy inference systems will
be introduced for formulating, modeling and mapping inputs to outputs with fuzzy

logic.

3.1 Fuzzy Sets

In 1965, Zadeh proposed a theory to represent linguistic variables in a mathematical
mean named as Fuzzy Sets Theory, which is a generalization of the classical, crisp
sets. The Fuzzy Set theory is developed in order to deal with incomplete information
and linguistic modeling, wherein real-world problems, available information and
system usually contain vague concept and incomplete information. Due to the
limitation of human knowledge, noises and disturbances are usually found in available
data (Liu and Lin 2010). With the limitation of human perception, it is nearly
impossible to obtain precise and certain data or obtaining precise and certain data is
too costly and time consuming for achieving confident results. In the classical set
theory, an element either fully belongs to one set or the element doesn’t belong to the
set at all. Nevertheless, in fuzzy set theory, each element is belonging to sets is defined
as membership values within a continuous interval from 0 to 1 (Meraj and Farhad,
2015; Asan and Soyer, 2015).

3.2 Intuitionistic Fuzzy Sets

Regardless of usage of fuzzy sets for imprecise and vague concepts in many areas now,
fuzzy sets are not able to handle every type of uncertainty appropriately (Butt and
Akram, 2016; Aguilaetal., 2016). To address this problem, several extensions of fuzzy
sets were proposed in literature known as type-2 fuzzy sets. The first extension is

proposed by L. A. Zadeh in 1975 and other approaches followed afterward. Among
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these, In 1983 and 1986 Atanassov proposed another extension to handle uncertainty
and hesitation with a higher level including an intuitive approach(Butt and Akram,
2016; Asan and Soyer, 2015).

In fuzzy set theory, an element belongs to a set with membership value between 0 and
1. In other words, each element doesn’t belong to a set with a non-membership value
and that value can be found by subtracting the membership value of the same set from
1. Consequently, the sum of the membership value and the non-membership value of

an element is equal to 1.

This is not the case in intuitionistic fuzzy set theory. the sum of the membership value
(w) and the non-membership value (v) of an element can be equal to or lower than 1.
Whenever it is lower than 1, the remaining difference represents the uncertainty of
belonging or not belonging to the set. This uncertainty or indeterminacy is identified
as the intuitionistic fuzzy index (m)” which can represent expressions like “food is
slightly sweet for me but still I am not sure”. For that reason, intuitionistic fuzzy set
theory can handle uncertainty and imprecision in a way which is consistent and more

comprehensive (Aguila et al., 2017; Asan and Soyer, 2015).

Extensions of fuzzy sets like intuitionistic fuzzy sets are implemented lately in many
areas such as software controls, robotics, pattern recognition, social sciences, and
others (Butt and Akram, 2016). Moreover, several studies revealed improved
performance in the system with fuzzification of input parameters and designing a rule-
based inference system while representing a further degree of uncertainty, which

mimics the behavior of human way of thinking.

However using higher order fuzzy sets makes the processing and modeling much more
complex, then only if the resources such as time, processing capability etc. are not a
limitation, higher-order fuzzy sets can produce better solutions (Aguila et al., 2017,
Akram et al., 2014; Akram et al., 2013).

According to Atanassov (1986), in a universe U, intuitionistic fuzzy set A is defined

as follows:

A={(u .“A(U-)'UA(u))lu € U}or (A = (14 va)) 3.1)
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where the function p,: U — [0,1] defined the degree of membership and function
v,: U — [0,1] defines degree of non-membership of the element U to A. Where the

functions should meet the following criteria;
0<pus(w)+vyw) <1 (Vuel) (3.2
For each intuitionistic fuzzy set A in universe U,

ma(u) = (1 = pa(w) — va(w)) 3.3)

represents the intuitionistic fuzzy index of element U to A. Intuitionistic fuzzy index
is also called as degree of uncertainty or degree of hesitancy. Therefore intuitionistic
fuzzy index enables representing real world problems and imperfect knowledge
(Dongfeng et al., 2012; Akram et al., 2014).

3.3 Fuzzy Rule-Based System

First of all, fuzzy control is intended to imitate human behavior while taking control

action to decide on any vagueness (Butt and Akram, 2016).

People use intangible words to explain abstract or vague concepts, actually, by using
the fuzzy premises. To illustrate this point, “good enough”, “clear enough”, “very
successful” are some expressions bringing vague meanings. Actually, these
expressions may be the results of some data, however, that data may also be not
sufficient. Or, data can have some noisy effects itself. At this point, fuzzy sets are
being developed to model and analyze such kind of data (Aguila et al., 2017; Butt and
Akram, 2016). FRBS is a linguistic IF-THEN rule-based decision modeling and
control system using the input data and generating the output by fuzzification, fuzzy
inference engine and defuzzification as shown in Figure 3.1 (Garg et al., 2013). But
still, there may be some cases where even FRBS is not able to model the fuzzy data
because of the dominant amount of uncertain data. However, the fuzzy set theory is
being developed more to model such noisy information (Aguila et al., 2017; Butt and
Akram, 2016).

In fuzzy theory, FRBS is a very famous concept that is using fuzzy rules. Commonly,
it is used in areas like decision systems, automatic control or data analytics. FRB

includes the followings: (i) a fuzzy rule, (ii) inference methodology that drives the
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conclusion, (iii) the results after the inferences based on the fuzzy rules. FRBS inputs
may be fuzzy or crisp, however, its outputs are fuzzy. Fuzzy logic is a way of
expressing of heuristic/vague concepts as an algorithm. Most famous algorithms are
called as “Mamdani Model” by Mamdani and Assilian (1975) and “Sugeno Model”
by Sugeno (1985). Mamdani and Assilian (1975) used some logical conjunctions like
“and, or” to express some conditions together. In this way, the outputs are shaped via
the integration of various conditions. Hence, their method while creating a reasoning
method is to compose different conditions via some logical connectors. And Mamdani
and Sugeno model shares a similar fuzzification and fuzzy operator methods. The main
difference of Sugeno model is that output membership functions are being either linear

or constant.

Fuzzy Rule-Base

' | Fussifcation Interface Defuzzficaton Interface | |
Fuzzy Y Fuzzy '
it 18
Sets Fuzzy Inference Engine Sets

Figure 3.1 : Fuzzy Rule Based System

Main components and steps of a fuzzy inference system are given below (Meraj and
Farhad, 2015):

1) Construction of FRB mechanisms
a) Specifying Linguistic Input Variables and Output Variables
b) Specifying Membership Functions Functions for Each Variable
c) Specifying Rules

d) Specifying Fuzzification, Inference Engine and Defuzzification

mechanisms
2) Fuzzification
a) Calculating Membership values from crisp values of each input variable

3) Inference Engine
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a) Implementing FRB Rules for membership values and converting fuzzified

input values accordingly to output fuzzy sets
b) Combining the Results of Each Rule using determined algorithm
4) Defuzzification

a) Converting Inferred fuzzy output data to crisp (non-fuzzy) value with
chosen methodology.

Fuzzification process translates user’s knowledge, experience and observed data into
fuzzy sets by membership functions (MF). Membership functions can be determined
by two ways; (i) by the utiliser, (ii) by machine learning. There are various forms of
membership functions (MF), like z-shape, Gaussian, triangular, trapezoidal, linear, etc.

In this thesis, triangular MF is used.

After the fuzzification, the inference engine can be derived according to membership
functions. Hence, the relation between the inputs and outputs of the system is
determined with inference rules which are so-called “implication functions”. These
functions express the “IF-THEN” statements of fuzzy control. “IF-THEN” rule can be
exemplified as “If x; is A, then x, is B”. According to that, A and B are linguistic
variable. Also, “x; is A” is a condition and “x, is B” is a result statement. is a result
statement. Hence, a fuzzy rule includes a condition and its corresponding result. As a
summary, a fuzzy rule may be in the form of “If the condition, then the result”. Thus,
if the condition is satisfied, then the result is obtained according to the IF-THEN rule
(Akram et al., 2014; Butt and Akram, 2016).

The conclusions derived from the inference engine is still a fuzzy value. It needs to be
defuzzified to obtain a crisp output. For this goal, the membership function of the
output value is used reversely. This process is called defuzzification. There are
different methods for defuzzification such as center of gravity, center of gravity for

singletons, center of area, left most maximum, and rightmost maximum.

3.4 Intuitionistic Fuzzy Rule-Based System

Both IFRB and FRB follows similar steps in methodology. The main difference is
IFRB takes non-membership degree also in to account in creating the degree of

uncertainty or hesitancy margin. Accordingly, we can propose that the linear
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combination of non-membership degree based fuzzy system and membership degree

based fuzzy system can produce an intuitionistic fuzzy rule-based system (Akram et
al., 2014; Butt and Akram, 2016; Castillo and Melin, 2003; Castillo et al., 2006). In

that case, the following equation will apply:

IFS = (1 — m)FS, + wFS, (3.4)

Main components and steps of an Intuitionistic fuzzy inference system are as below
(Akram et al., 2014; Butt and Akram, 2016; Dongfeng et al., 2011):

1. Construction of IFRB mechanisms

a.

b.

Specifying Linguistic Input Variables and Output Variables

Specifying Membership Functions and Non-Membership Functions for
Each Variable

Specifying Rules

Specifying Fuzzification, Inference Engine and Defuzzification

mechanisms

2. Fuzzification

a.

Calculating Membership values from crisp values of each input

variable

Calculating Non-Membership values from crisp values of each input

variable

3. Inference Engine

a.

b.

Implementing IFRB Rules for membership and non-membership
values and converting fuzzified input values accordingly to output

fuzzy sets

Combining the Results of Each Rule using determined algorithm

4. Defuzzification

a.

Converting Inferred fuzzy output data to crisp (non-fuzzy) value with
determined methodology.

Further details of each step can be found in Section 4.
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4, PROPOSED IFRB METHOD FOR FMEA

After listing the potential failure modes, causes and effects, IFRBS will be initiated by
taking S, O, and D crisp inputs. By using defined membership and non-membership
factors S, O and D crisp values will be fuzzified separately. S, O and D membership
degrees will be inferred with determined implication functions in inference engine.
Same will be applied separately to non-membership degrees of S, O and D. Once all
rules are inferred for both membership and non-membership values, the intuitionistic
defuzzification process will start and defuzzification will be done using membership
and non-membership degrees. Finally producing a crisp output value for IFRB RPN
which will be further used for ranking the FMs. The related structure is shown in

Figure 4.1.
Listing Potential Failure Modes, Causes and Effects
IFRBS
Severity
Fuzzification for Inferencg Engine
Membershi with
P ™1 Membership
Degrees
Degrees
Occurrence Intuitionistic | »| IFRB RPN
Defuzzification
Fuzzification for Irlferencg Engine
Non-Membership with
Non-Membership
Degrees D
Detection egrees
Ranking of Failure Modes according to Priorities
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Figure 4.1 : Proposed IFRB model for FMEA.




Steps of the proposed IFRB method for FMEA is summarized below:
1. Listing Potential Failure Modes, Causes and Effects
2. Construction of IFRB mechanisms for FMEA
a. Crisp Inputs: Severity (S), Occurrence (O), Detecetability
b. Crisp Output: RPN
c. Specifying Linguistic Input Variables and Output Variables

d. Specifying Membership Functions and Non-Membership Functions for
Each Variable

e. Specifying Rules

f. Specifying Fuzzification, Inference Engine and Defuzzification

mechanisms
3. Fuzzification

a. Calculating Membership values from crisp values of each input

variable

b. Calculating Non-Membership values from crisp values of each input

variable
4. Inference Engine

a. Implementing IFRB Rules for membership and non-membership
values and converting fuzzified input values accordingly to output

fuzzy sets
b. Combining the Results of Each Rule using determined algorithm
I.  Min Method for “AND” in membership rules
ii. Max Method for “OR” in membership rules
iii. Max Method for “AND” in non-membership rules
Iv. Min Method for “OR” in non-membership Rules
5. Defuzzification

a. Converting Inferred fuzzy output data to crisp (non-fuzzy) value with

with Takagi Sugeno method.
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b. Averaging Activated Defuzzified Rules

4.1 Listing Potential Failure Modes, Causes and Effects

In this step, all potential risks and failure modes are listed by experts in order to
understand type of failures in the system, the sources and root causes of these failures

and how these failures occur.

4.2 Construction of IFRB mechanisms for FMEA

As previously mentioned there are three inputs in FMEA which are Severity (S),
Occurrence (O) and Detection (D). The linguistic variables and corresponding
membership and non-membership functions needs to be defined for each input. It can
be found with expert’s knowledge, decision, and perspective, or it can be designed
with machine learning methodologies (Meraj and Farhad, 2015). In our study
membership and non-membership functions are triangular but there are several

different membership functions which can be used for linguistic variables.

According to linguistic variables, a set of IF-THEN rules needs to be defined for S, O
and D inputs with relation to output. As explained before fuzzy IF-THEN rules for
FMEA can be expressed by a form like “if Severity is A and Occurrence is A and
Detection is A than RPN is B”.

4.3 Fuzzification

The crisp inputs for the factors S, O and D are intuitionistically fuzzified in this step.
For each factor, the specified membership and non-membership functions of linguistic
variables are used. And as an end result, fuzzified S, O and D values will be found for
each defined membership and non-membership functions.

4.4 Inference Engine

All of the defined IF-THEN rules will applied with fuzzified input values, S, O and D
considering both membership, and as well as non-membership functions by Mamdani
inference method (1974). As an output, A fuzzy output, RPN value, will be inferred
and calculated for each rule with fuzzified membership values. Also, a second fuzzy
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RPN value will be inferred and calculated for each rule with fuzzified non-membership

values.

4.5 Defuzzification

Multiple methodologies are available in the literature but this study will implement
Takagi Sugeno formula (Leekwijck and Kerre, 1999) for defuzzification. As explained
earlier, the defuzzification step combines inferred output of each rule and convert it to
a crisp output which in this case, the final output is RPN. Takagi Sugeno Equation
which derived as a linear combination of membership and non-membership degrees

can be found as below:

29'/;1 xj((l - T[Aj)'uAj + VpiT,5) (4.1)

%1((1 — i )lai + VaiTos))

Where x is as an element in an intuitionistic fuzzy set of A, in this case, fuzzy set of
RPN. x/ denotes the jth sample space in RPN. And pa and va are the degree of

membership, and non-membership of x in A. 7a is the degree of hesitancy.

Inferred fuzzy RPN value from inference engine for membership degrees will be the
maximum value of u,; can take. In other words, it will act as a maximum cut for the

RPN output membership function.

Inferred fuzzy RPN value from inference engine for non-membership degrees will be
minimum value of v,; can take. In other words, it will act as a minimum cut for the

RPN output non-membership function.
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5. APPLICATION

5.1 Problem Case

The proposed method applied at a highly complex and sophisticated production line
of diesel injectors. Each component is going through several processes like handling,
welding, cutting, cleaning while assembling other sub-parts and frames which needs
high accuracy and precision in serial production. Also each process stream data
through programmable logic controllers and sensors to data analytics platform in order
to improve the system and avoid each of potential failures by Industry 4.0 solutions
such as event management, machine learning, preventive maintenance, smart supply
management, and other sub solutions. FMEA is highly regarded and maintained over
the years and implemented with several quality experts. The FMEA experts stated that
FMs are getting harder to manage and maintain with increasing complexity and
vagueness in the system. Since lots of FMs generate the same results, sometimes there
are uncertainties while assigning rates to each factor. And in some processes and lines,
some factors can carry higher risks than other factors but these effects are ignored in
traditional FMEA.

5.2 Data Collection

The input data set (Refer to Table 5.1), 14 FMs and S, O and D ratings used in this
study are taken from a diesel injector production plant. For better understanding, FMs
are sorted by descending order to traditional RPN and named accordingly, i.e. FM1
has the highest traditional RPN and FM14 has the lowest. Still, some FMs which shares
the same RPN value named randomly according to their rank, i.e. FM4 and FM5
produce the same RPN. Each of these ratings is assigned by FMEA experts with group
decision and each of the FMs listed has a development track, preventive measures, and
core problem definitions. The same production line also utilizes advanced Industry 4.0

methodologies which produce very high production quality indicators.
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Table 5.1 : Input Data set for Failure Modes and Assigned S, O and D Ratings.

Failure Modes Severity Occurrence Detection
FM1 6 7 8
FM2 9 4 7
FM3 10 4 6
FM4 9 2 8
FM5 6 6 4
FM6 10 2 7
FM7 10 2 6
FM8 4 5 6
FM9 10 2 5
FM10 10 1 9
FM11 9 2 5
FM12 6 2 5
FM13 9 2 3
FM14 6 2 3

Severity, Occurrence and Detection inputs will be fuzzified intuitionistically. The
membership and non-membership functions are adopted from a study by Akram et al.
(2014) on intuitionistic fuzzy logic control, since defining membership and non-
membership functions of factors are not in the focus of this study.

Membership Function Pilot Non-Membership Function Pilot

e

Figure 5.1 : Membership and Non-Membership function graphics of S, O, D and
RPN.
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Linguistic variables of fuzzy sets are defined as Low, Medium and High. S, O, D and
RPN membership and non-membership functions pilots for linguistic variables can be

found in Figure 5.1.

Mathematical expressions of the membership and non-membership functions of S, O,
D and RPN can be found below:

{x|x €Z 1 <x <10}

5— x gy 1 x>05
X
.ulow(x) =45-0 vlow(x) = 55 —x
0 else - [ 5.5 ] ghse
1 |5—x| ] 5—x (5.1)
— |[——| else I
Hmea (X) = 5 Vmea(x) = | 5 | erse
1 X =5 0 x=05
x—5 S 10 — x S
X X
:uhigh(x) = 5 vhigh(x) = 5.5
0 else 1 else

The IF-THEN rules for inference are studied and defined with the expert who applies
preventive measures by Industry 4.0 methodologies and designs the FMs used in the
input data set. All possible combination of Low, Medium and High variables for S, O
and D factors are used in the inference engine. Each IF-THEN rule statements are
specifically tailor-made by senior FMEA expert of the line according to the need of
the system considering the importance of each factor in the overall system. Rules for

this study can be found below:

e Rule1: If Severity is Low AND Occurence is Low AND Detection is Low than
RPN is Low

e Rule 2: If Severity is Low AND Occurence is Medium AND Detection is Low
than RPN is Low

e Rule 3: If Severity is Low AND Occurence is High AND Detection is Low
than RPN is Low
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Rule 4: If Severity is Low AND Occurence is Low AND Detection is Medium
than RPN is Low

Rule 5: If Severity is Low AND Occurence is Medium AND Detection is
Medium than RPN is Medium

Rule 6: If Severity is Low AND Occurence is High AND Detection is Medium
than RPN is Medium

Rule 7: If Severity is Low AND Occurence is Low AND Detection is High
than RPN is Low

Rule 8: If Severity is Low AND Occurence is Medium AND Detection is High
than RPN is Medium

Rule 9: If Severity is Low AND Occurence is High AND Detection is High
than RPN is Medium

Rule 10: If Severity is Medium AND Occurence is Low AND Detection is Low
than RPN is Low

Rule 11: If Severity is Medium AND Occurence is Medium AND Detection is
Low than RPN is Medium

Rule 12: If Severity is Medium AND Occurence is High AND Detection is
Low than RPN is High

Rule 13: If Severity is Medium AND Occurence is Low AND Detection is
Medium than RPN is Low

Rule 14: If Severity is Medium AND Occurence is Medium AND Detection is
Medium than RPN is Medium

Rule 15: If Severity is Medium AND Occurence is High AND Detection is
Medium than RPN is High

Rule 16: If Severity is Medium AND Occurence is Low AND Detection is
High than RPN is Medium

Rule 17: If Severity is Medium AND Occurence is Medium AND Detection is
High than RPN is Medium
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e Rule 18: If Severity is Medium AND Occurence is High AND Detection is
High than RPN is High

e Rule 19: If Severity is High AND Occurence is Low AND Detection is Low
than RPN is Medium

e Rule 20: If Severity is High AND Occurence is Medium AND Detection is
Low than RPN is High

e Rule 21: If Severity is High AND Occurence is High AND Detection is Low
than RPN is High

e Rule 22: If Severity is High AND Occurence is Low AND Detection is
Medium than RPN is Medium

e Rule 23: If Severity is High AND Occurence is Medium AND Detection is
Medium than RPN is High

e Rule 24: If Severity is High AND Occurence is High AND Detection is
Medium than RPN is High

e Rule 25: If Severity is High AND Occurence is Low AND Detection is High
than RPN is Medium

e Rule 26: If Severity is High AND Occurence is Medium AND Detection is
High than RPN is High

e Rule 27: If Severity is High AND Occurence is High AND Detection is High
than RPN is High.

5.3 Analysis

5.3.1 Analysis of traditional FMEA

Results of the traditional FMEA method by RPN = 0 x S X D formulaand ranking

for FMs can be found in Table 5.2. Average rank method is used for tied ranks.
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Table 5.2 : RPN Results and Rankings of FMs by Traditional FMEA Method.
(*Normalized).

Failure Modes  Severity  Occurrence  Detection RPN RPN Ranking

FM1 6 7 8 336 1
FM2 9 4 7 252 2
FM3 10 4 6 240 3
FM4 9 2 8 144 4.5
FM5 6 6 4 144 4.5
FM6 10 2 7 140 6
FM7 10 2 6 120 7.5
FM8 4 5 6 120 7.5
FM9 10 2 5 100 9
FM10 10 1 9 90 10.5
FM11 9 2 5 90 10.5
FM12 6 2 5 60 12
FM13 9 2 3 54 13
FM14 6 2 3 36 14

5.3.2 Analysis of FRBS FMEA

For comparison with IFRBS, FRBS was performed in Matlab Fuzzy Logic Toolbox
with defined membership functions and rules. Screenshots from Matlab Fuzzy Logic
Toolbox related to the calculation can be found in Figure 5.2, Figure 5.3 and Figure
5.4.

FRB RPNs can be found in Table 5.3, in given table FMs are sorted by descending
order and average rank method is used for tied ranks. Also for a better comparison
with other methods, FRB RPN values are normalized and then multiplied by 1000 for

rescaling.
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Fuzzy Logic Designer: fuzzy

File Edit View

XX

Occurrence

DG

fuzzy

(mamdani)

-

Fuzzy RPN
Detection

FIS Name: fuzzy FIS Type: mamdani
[ And method min + | | Current Variable
Or method max o |[Name Severlty
Implication min - Type input

Range [0 10]
Aggregation max -
Defuzzification conlmnid -

System "fuzzy": 3 inputs, 1 output, and 27 rules

Figure 5.2 : Fuzzy Logic Designer / Fuzzy Properties from MATLAB for FRB

Membership Function Editor: fuzzy

FMEA.

File Edit View
FIS Variables Membership function plots nlaf nainfs: 181
Ve Low Medium High
X 120N
Severity Fuzzy_ RPN
Occurrence
Detection
i input variable "Severity"
Current Variable Current Membership Function (click on MF to select)
Name Severity Name Low
Type input Type trimf -
Range 0 10] Params [005]
sermae 00| ]
Renaming MF 1 to "Low" ]

Figure 5.3 : Severity Membership Function Editor from MATLAB for FRB FMEA.
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Rule Viewer: fuzzy —
File Edit View Options

Severity = 10 Detection =6 Occurrence = 4 Fuzzy RPN =6.76
1 — [ e— —
2 ———] C—————1 [T —] =
3 ] —————1 1T — I ——
= I ———
5 ——— — —— —
b ————— T | —1 1
7T —] L —1 L]
e | 11—l 1 ——1 [————]
100 ——— V1 1 M= M —
11 = — | N P ——— | ——— |
12 T——— — T — ——
13 /= — e I e 1
14 /——— e — | s ——— 1
15 —/—— I — [ —1 . —1
16 —— C—T— [ e— e
17 —/—]—————1 =] | —— | |
18 ———— I — C— T — R
19— I—— ] — ] ]
20 ————— ———1T [—T——] C —]
52— = = —
[ = [———]
23 ——— — e —
24 | — C—I———1 C_— —
22 C— —— I == = |
26 C———1 C L — I e
27— T — T —

[Input: [10:6:4] ][Plot points: 101 HMGVE: [ teft ][ right |(down]| up ]]
{Opened system fuzzy, 27 rules ] l |
"

Figure 5.4 : Rule Viewer and Fuzzy RPN calculation of FM3 from MATLAB for
FRB FMEA.

Related RPN normalization formula can be found below:

RPN — RPNy; 5.2
RPNyormatizea = RPN — RPNm ( )
Max Min

Where FRB RPN,,;,, is 324 which is result of an FM when S, O and D is 1. And FRB
RPNy, is 837 which is result of an FM when S, O and D is 10.

5.3.3 Analysis of IFRBS FMEA

In this section FM3 Intuitionistic Fuzzy RPN with Severity Rating of 10, Occurence
Rating of 4 and Detection Rating of 6 will be calculated by the proposed method.

5.3.3.1 Analysis of IFRBS FMEA

By membership and non-membership functions given in Section 5.2, we execute crisp
inputs of S=10, O=4, and D=6.
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Table 5.3 : RPN Results and Rankings of FMs by Fuzzy Inference System.
(*Normalized).

Failure Modes  Severity  Occurrence  Detection F.RPN F.RPN* Rank

FM3 10 4 6 676 686.2 1
FM2 9 4 7 631 598.4 2
FM1 6 7 8 540 421.1 4.5
FM6 10 2 7 540 421.1 4.5
FM7 10 2 6 540 421.1 4.5
FM9 10 2 5 540 421.1 4.5
FM4 9 2 8 528 397.7 8
FM11 9 2 5 528 397.7 8
FM13 9 2 3 528 397.7 8
FM5 6 6 4 511 3645 105
FM10 10 1 9 511 364.5 105
FM8 4 5 6 500 343.1 12
FM12 6 2 5 424 1949 135
FM14 6 2 3 424 1949 135

The intuitionisticaly fuzzified membership and non-membership values of S (10), O
(4) and D (6) of FM3 are found as below in order to Small, Medium and High.

ps(10) ={0,0,1} ;  ws(10) ={1,1,0}
to(4) ={0.2,0.8,0} ; v,(4) ={0.73,0.2,1}
1p(6) ={0,0.8,0.2} ; vp(6) ={1,0.2,0.73}
Example calculation for us(10) and v(10) can be found below:

5— 1 x>5

.u'low(lo) =<5-0 =0 vlow(lo) “Yx—5 =1
else

0 else 5_0
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1 ’5 - 10’ l 5—10
- else I
Hmea(10) = 5 =0 1,,4(10) = | 5 | ese g
1 x=5 0 x=5
10 -5 S & 10 —-10 o5
X X
:uhigh(lo) =45-0 =1 vm-gh(IO) = 11/2 =0
0 else 1 else

5.3.3.2 Inference engine

After inuitionistic fuzzification is done for each S, O and D input factors, inference
engine is triggered. Intuionistic Fuzzy RPN is found by Min Method for “AND” in

each membership rule and Max Method for “AND” in each non-membership rule.

e Rule 1: If Severity is Low AND Occurence is Low AND Detection is Low than
RPN is Low

When rule 1 is triggered, inferred RPN membership value can be calculated by min

operator as follow:
SLow A OLow A DLow=0A02A0=0

When rule 22 is triggered, RPN non-membership value can be calculated by max

operator as follow:
SLow V OLow V DLow=1V0.73V1=1

e Rule 22: If Severity is High AND Occurence is Low AND Detection is
Medium than RPN is Medium

When rule 22 is triggered, inferred RPN membership value can be calculated by min

operator as follow:
SHigh A OLow A D Medium=1A02A0.8=0.2

When rule 22 is triggered, RPN non-membership value can be calculated by max

operator as follow:
SHigh V OLow V O Medium=0V 0.73V 0.2=0.73

When the same procedure is followed by all rules. Corresponding FM3 inferred
membership and non-membership values can be found as given in Table 5.4 and Table
5.5 respectively.
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Table 5.4 : Corresponding Membership Values of FM3 for Each Rule. *Low (L),
Medium (M), High (H).

Rule # S 0 D IF RPN
1 0(L) 0.2 (L) 0(L) 0 (L)
2 0(L) 08 (L) 0 (M) 0(L)
3 0(L) 0(L) 0 (H) 0(L)
4 0(L) 0,2 (M) 08 (L) 0 (L)
5 0(L) 0,8 (M) 0,8 (M) 0 (M)
6 0(L) 0 (M) 0,8 (H) 0 (M)
7 0(L) 0,2 (H) 0,2 (L) 0(L)
8 0(L) 0,8 (H) 0,2 (M) 0 (M)
9 0(L) 0 (H) 0,2 (H) 0 (M)
10 0 (M) 0,2 (L) 0(L) 0(L)
11 0 (M) 08 (L) 0 (M) 0 (M)
12 0 (M) 0(L) 0 (H) 0 (H)
13 0 (M) 0,2 (M) 08 (L) 0(L)
14 0 (M) 0,8 (M) 0,8 (M) 0 (M)
15 0 (M) 0 (M) 0,8 (H) 0 (H)
16 0 (M) 0,2 (H) 0,2 (L) 0 (M)
17 0 (M) 0,8 (H) 0,2 (M) 0 (M)
18 0 (M) 0 (H) 0,2 (H) 0 (H)
19 1 (H) 0,2 (L) 0(L) 0 (M)
20 1 (H) 08 (L) 0 (M) 0 (H)
21 1 (H) 0(L) 0 (H) 0 (H)
22 1 (H) 0,2 (M) 08 (L) 0,2 (M)
23 1 (H) 0,8 (M) 0,8 (M) 0,8 (H)
24 1 (H) 0 (M) 0,8 (H) 0 (H)
25 1 (H) 0,2 (H) 0.2 (L) 0,2 (M)
26 1 (H) 0,8 (H) 0,2 (M) 0,2 (H)
27 1 (H) 0 (H) 0,2 (H) 0 (H)

5.3.3.3 Defuzzification

As explained in Section 4.5 the inferred fuzzy output data of each rule, RPN, will be
converted to crisp (non-fuzzy) value with equation 4.1 using membership and non-

membership function of RPN.

With this method rule 22, 23, 25 and 26 is activated (meaning that for membership
output is bigger than “0”).

In the case of Rule 22, RPN will be Medium, inferred p value is 0.2 and inferred v

value is 0.73. With equation 5.1 following calculations and statements can be done.

5—x
5-0

0.2 = tyea(x) = 1 - |
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Table 5.5 : Corresponding Non-Membership Values of FM3 for Each Rule. *Low
(L), Medium (M), High (H).

Rule S 0 D IF RPN
1 1(L) 0,73 (L) 1(L) 1(L)
2 1(L) 0,2 (L) 1 (M) 1(L)
3 1(L) 1(L) 1 (H) 1(L)
4 1(L) 0,73 (M) 0,2 (L) 1(L)
5 1(L) 0,2 (M) 0,2 (M) 1 (M)
6 1(L) 1 (M) 0,2 (H) 1(M)
7 1(L) 0,73 (H) 0,73 (L) 1(L)
8 1(L) 0,2 (H) 0,73 (M) 1 (M)
9 1(L) 1 (H) 0,73 (H) 1 (M)
10 1 (M) 0,73 (L) 1(L) 1(L)
11 1(M) 0.2 (L) 1 (M) 1 (M)
12 1(M) 1(L) 1 (H) 1 (H)
13 1 (M) 0,73 (M) 0,2 (L) 1(L)
14 1(M) 0,2 (M) 0,2 (M) 1(M)
15 1(M) 1 (M) 0,2 (H) 1 (H)
16 1 (M) 0,73 (H) 0,73 (L) 1 (M)
17 1 (M) 0,2 (H) 0,73 (M) 1(M)
18 1(M) 1 (H) 0,73 (H) 1 (H)
19 0 (H) 0,73 (L) 1(L) 1(M)
20 0 (H) 0.2 (L) 1(M) 1 (H)
21 0 (H) 1(L) 1 (H) 1 (H)
22 0 (H) 0,73 (M) 0,2 (L) 0,73 (M)
23 0 (H) 0,2 (M) 0,2 (M) 0,2 (H)
24 0 (H) 1 (M) 0,2 (H) 1 (H)
25 0 (H) 0,73 (H) 0,73 (L) 0,73 (M)
26 0 (H) 0,2 (H) 0,73 (M) 0,73 (H)
27 0 (H) 1 (H) 0,73 (H) 1 (H)

Then x = 1 or x = 9 which means between 1 and 9 u can take maximum value of
0.2.

5—x
5-0

0.73 = Dyyeg(x) = |
Then x = 1.35 or x = 8.65 which means between 1.35 and 8.65 v can take
minumum value of 0.73.

Same process can be done for all rules to find out maxiumum value which p can take

and minimum value which v can take.

Defuzzification implementation for Rule 22, 23, 25 and 26 can be found in Figure 5.5,

Figure 5.6, Figure 5.7 and Figure 5.8 respectively.
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100 RPN Medium Membership Function 100 RPN Medium Non-Membership Function

- 075 N\ Minimum Cut (0.73) /

0,50 0,50
025 Maximum Cut (0.2) 0.25
0,00 \ 0,00
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
X My Vy my, X=[A-my)*xp, Y=vyoxm X+Y X*(X+Y)
1 1020 0.80 | 0.00 0.20 0.00 0.20 0.20
2 10.20| 0.73 | 0.07 0.19 0.05 0.24 0.48
3 1020 0.73 | 0.07 0.19 0.05 0.24 0.72
4 10.20| 0.73 | 0.07 0.19 0.05 0.24 0.95
5 020 0.73 | 0.07 0.19 0.05 0.24 1.19
6 [0.20| 0.73 | 0.07 0.19 0.05 0.24 1.43
7 1020 0.73 | 0.07 0.19 0.05 0.24 1.67
8 10.20| 0.73 | 0.07 0.19 0.05 0.24 191
9 /020 0.80 | 0.00 0.20 0.00 0.20 1.80
10 | 0.00 | 1.00 | 0.00 0.00 0.00 0.00 0.00
Total: | 2.07 | 10.34
OFXHY)(X+Y)= | 5

Figure 5.5 : Defuzzification of Rule 22 with Takagi Sugeno.

o RPN High Membership Function RPN High Non-Membership Function
1, 1
Maximum Cut (0.8)

0,75 Z 0,75
0,50 ; 0,5
0,25 ; 0,25 :

y 4 Minimum Cut (0:2)
0,00 - 0

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
X My Vy m, X=([A-m)*p, Y=vy*xm X+Y X*(X+Y)
5 10.00| 091 | 0.09 0.00 0.08 0.08 0.41
6 |020]| 0.73 | 0.07 0.19 0.05 0.24 1.43
7 1040 | 055 | 0.05 0.38 0.03 0.41 2.86
8 |060| 0.36 | 0.04 0.58 0.01 0.59 473
9 1080| 020 | 0.00 0.80 0.00 0.80 7.20
10 { 0.80 | 0.20 | 0.00 0.80 0.00 0.80 8.00
Total: | 2,.92 | 24.63
(X*<(X+Y))/(X+Y)= | 8.43

Figure 5.6 : Defuzzification of Rule 23 with Takagi Sugeno.
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1,00

RPN Medium Membership Function 100 RPN Medium Non-Membership Function

075 N\ Minimum Cut/(0.73) /

0,75
0,50 0,50
025 Maximum Cut (0.2) 0.25
0,00 \ 0,00
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
X Mx Vx Ty X=A-m)*p, Y=v,xm X+Y Xx*(X+Y)
1 1 0.20 | 0.80 0.00 0.20 0.00 0.20
2 2 0.20 | 0.73 0.07 0.19 0.05 0.24
3 3 0.20 | 0.73 0.07 0.19 0.05 0.24
4 4 0.20 | 0.73 0.07 0.19 0.05 0.24
5 5 0.20 @ 0.73 0.07 0.19 0.05 0.24
6 6 0.20 | 0.73 0.07 0.19 0.05 0.24
7 7 0.20 @ 0.73 0.07 0.19 0.05 0.24
8 8 0.20 | 0.73 0.07 0.19 0.05 0.24
9 9 0.20 | 0.80 0.00 0.20 0.00 0.20
10 | 10 | 0.00 | 1.00 0.00 0.00 0.00 0.00
Total: | 2.07 | 10.34
(X<(X+Y)(X+Y)= | 5
Figure 5.7 : Defuzzification of Rule 25 with Takagi Sugeno.
Lo RPN High Membership Function 1RPZ\I High Non-Membership Function
0,75 0,75
Minimum Cut (0.73)
0,50 0,5
025 Maximum Cut (0.2): 025
0,00 - 0
2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
X My Vg m, X=A-m)*p, Y=vyxm, X+Y Xx*(X+Y)
5 [0.00] 091 | 0.09 0.00 0.08 008 | 041
6 |0.20 0.73 | 0.07 0.19 0.05 0.24 1.43
7 1020 0.73 | 0.07 0.19 0.05 0.24 1.67
8 10.20 0.73 | 0.07 0.19 0.05 0.24 191
9 1020 0.73 | 0.07 0.19 0.,05 0.24 2.15
10 | 0.20| 0.73 | 0.07 0.19 0.05 0.24 2.38
Total: = 1.27 9.95
(X*(X+Y))/(X+Y)= | 7.8

Figure 5.8 : Defuzzification of Rule 26 with Takagi Sugeno.
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By averaging 4 activated outcomes of rule 22, 23, 25 and 26 outcome RPN can be
found as:

5+843+5+7.81
4

= 6.56

If the same procedure is followed for all of the FMs presented in this study, IFRB
RPN values can be found as in Table 5.10. In the table, FMs are sorted by
descending order to IFRB RPN and average rank method is used for tied ranks. Also
for a better comparison with other methods, IFRB RPN values are normalized with
Equation 5.2 and then multiplied by 1000 for rescaling, where IFRB RPNy, is
351.2 which is IFRB RPN output of an FM when S, O and D is 1 and IFRB RPNy4x
is 853.3 which is IFRB RPN output of an FM when S, O and D is 10.

Table 5.6 : RPN Results and Rankings of FMs by Intuionistic Fuzzy Inference
System. (*Normalized).

Failure Modes  Severity Occurrence Detection IF.RPN IF RPN* Rank

FM1 6 7 8 716.4 427.9 1
FM5 6 6 4 710.4 420.9 2
FM3 10 4 6 656.0 357.2 3
FM6 10 2 7 652.0 352.4 4
FM7 10 2 6 646.1 345.6 5
FM10 10 1 9 638.6 336.7 6
FM9 10 2 5 634.0 331.4 7
FM2 9 4 7 550.6 233.6 8
FM4 9 2 8 547.7 230.2 9
FM11 9 2 5 531.5 211.2 10
FM12 6 2 5 525.7 204.5 11
FM13 9 2 3 519.3 197.0 12
FM14 6 2 3 504.5 179.6 13
FM8 4 5 6 491.7 164.6 14
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5.4 Comparison and Results

RPN calculations by traditional FMEA method, FRB method and IFRB method can
be found in Table 5.11.

Table 5.7 : RPN Results and Ranking Comparisons by Traditional, FRB and IFRB
methodologies. (*Normalized).

FMs RPN RPN FRB RPN* FRB RPN IFRBRPN* IFRB RPN

Rank Rank Rank
FM1 336 1 421,1 4,5 4279 1
FM2 252 2 598,4 2 233,6 8
FM3 240 3 686,2 1 357,2 3
FM4 144 4,5 364,5 10,5 420,9 2
FM5 144 4,5 397,7 8 230,2 9
FM6 140 6 421,1 4,5 352,4 4
FM7 120 7,5 4211 4,5 345,6 5
FM8 120 7,5 343,1 12 164,6 14
FM9 100 9 421,1 4,5 331,4 7
FM10 90 10,5 364,5 10,5 336,7 6
FM11 90 10,5 397,7 8 211,2 10
FM12 60 12 1949 13,5 204,5 11
FM13 54 13 397,7 8 197,0 12
FM14 36 14 1949 13,5 179,6 13

Where different sets produced the same results in traditional FMEA, IFRB FMEA
produced different results. For example, FM4 & FM5, FM7 & FM8, and FM10 &
FM11 have the same traditional RPN values but different IFRB RPN values. IFRBS
produced 14 different RPN value while traditional FMEA produced 11 different RPN
values. In return, FRBS gave only 7 unique RPN value in the given set, in other words,
produced same FRB RPN values with a more set of combination of factors, i.e. FM1,
FM6, FM7 and FM9 have different traditional and IFRB RPN values but the same
FRB RPN values.
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By using spearman rank correlation method, the association between traditional RPN,
FRB RPN, and IFRB RPN also found statistically significant. Between traditional
RPN and FRBS RPN, rs found as 0.663. Between traditional RPN and IFRBS RPN,
rs found as 0.686. Between FRB RPN and IFRBS RPN, rs found as 0.59.
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6. CONCLUSIONS

6.1 General Discussion

FMEA usually involves human judgments and linguistic expression in real life
combined with lack of information and imprecise data available in the systems. Using
traditional RPN calculation method with crisp values cannot sufficiently represent the
uncertainty in the risk assessment. In this study, intuitionistic fuzzy rule-baed approach
is proposed to represent uncertainty, ambiguity, and vagueness in FMEA risk
assessment. To enable the calculations of the related steps and formulations, a

simulation is developed in Excel.

Each FM has produced different unique RPN values in the given data set by IFRB
FMEA method while traditional FMEA and FRB FMEA has produced less.

Current rule based approach doesn’t ignore the relativity between the S, O and D
factors. Especially due to Severity has a more impact compared to the other two factors
from the rule-base perspective, FM6, FM7, FM9 and FM10 have a higher priority
compared to their earlier ranking. Importance of factors can further differentiated with

tailor-made and different S, O and D membership and non-membership functions.

From RPN scale perspective IFRB FMEA produced 14 unique values and the
normalized results show that values are much more equally distributed on the scale 1-
1000. From this perspective, FRB FMEA has given worse performance compared to

with only 7 unique variables.

Results showes that intuitionistic fuzzy logic in FMEA provides a more diversified
ranking, by integrating a degree of hesitancy it is able to represent uncertainty in the

system.

This study’s main contribution to literature is development of a FMEA methodology
which integrates a degree of hesitancy with Fuzzy rule based artifical intelligence. The
proposed method has been able to solve also several shortcomings presented in the
Section 2.2. Lastly, it provides a more flexibility in order to assess risks and can

represent the confidence of expert by giving a degree of hesitancy. IFRB provides a
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structure which is more resembling the human nature of thinking and expression which

FMEA factor evaluation was already based on.

Also as presented earlier while having advantages, IFRB FMEA carries some
disadvanteges like the higher complexity, consuming more resources and harder

maintenance.

6.2 Future Research Directions

This study can be further extended to generate more complex and appropriate
membership and non-membership functions which can resolve problems from Section
2.2 which are not adressed in this study and provide a better understanding of IFRB
FMEA. In addition, used functions are in triangular form, it can be further improved
to involve other types of functions. Furthermore, the number of rules can be reduced
to increase the efficiency of the system. Lastly, all combinations of factors can be

investigated further in order to understand the effect on the scale fully.
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