

  ijerph-17-01442




ijerph-17-01442







Int. J. Environ. Res. Public Health 2020, 17(4), 1442; doi:10.3390/ijerph17041442




Article



An Extension of the Failure Mode and Effect Analysis with Hesitant Fuzzy Sets to Assess the Occupational Hazards in the Construction Industry



Jalil Heidary Dahooie 1,*[image: Orcid], Amir Salar Vanaki 1, Hamid Reza Firoozfar 1, Edmundas Kazimieras Zavadskas 2,*[image: Orcid] and Audrius Čereška 3





1



Faculty of Management, University of Tehran, Jalal Al-e-Ahmad Ave., Nasr Bridge, Tehran 14155-6311, Iran






2



Institute of Sustainable Construction, Laboratory of Operational Research, Vilnius Gediminas Technical University, Sauletekio av. 11, Vilnius LT-10223, Lithuania






3



Department of Mechanical and Material Engineering, Vilnius Gediminas Technical University, Basanaviciaus str. 28, LT-03324 Vilnius, Lithuania









*



Correspondence: heidaryd@ut.ac.ir (J.H.D.); edmundas.zavadskas@vgtu.lt (E.K.Z.); Tel.: +98-21-61117686 (J.H.D.)







Received: 28 December 2019 / Accepted: 19 February 2020 / Published: 24 February 2020



Abstract

:

The construction industry is considered as one of the most dangerous industries in terms of occupational safety and has a high rate of occupational incidents and risks compared to other industries. Given the importance of identifying and assessing the occupational hazards in this industry, researchers have conducted numerous studies using statistical methods, multi-criteria decision-making methods, expert-based judgments, and so on. Although, these researchers have used linguistic variables, fuzzy sets and interval-valued intuitionistic fuzzy sets to overcome challenges such as uncertainty and ambiguity in the risk assessment conducted by experts; the previous models lack in efficiency if the experts are hesitant in their assessment. This leads to the inability to assign a specific membership degree to any risk. Therefore, in this research, it is tried to provide an improved approach to the Failure Mode and Effects Analysis (FMEA) method using an Multi-Criteria Decision-Making (MCDM) method based on the hesitant fuzzy set, which can effectively cope with the hesitance of the experts in the evaluation. Also, Stepwise Weight Assessment Ratio Analysis (SWARA) method is applied for risk factor weighing in the proposed approach. This model is applied to a construction industry case study to solve a realistic occupational risk assessment. Moreover, a comparison is made between the results of this model and those obtained by the conventional FMEA and some other aggregation operators. The results indicate that the newly developed approach is useful and flexible to address complex FMEA problems and can generate logical and reliable priority rankings for failure modes.
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1. Introduction


The construction industry is considered as one of the infrastructure industries in different countries of the world and plays an important role in the development and growth of countries [1]. This sector is a labor-intensive industry that needs to use multiple electrical and mechanical equipment, but unfortunately, safety training for its workers is inadequate [2]. Hence, the construction industry has experienced a high rate of accidents and occupational injuries, so that it is currently among the most dangerous industries in the world. Evidence has shown that the fatality rate in the construction industry is at the highest level among the other industries in most of the world, including Europe, North America, and Australia, where it ranges from 3 to 14 work related death per 100,000 workers [3]. In 2014, the construction industry was responsible for more than 73,000 non-fatal injuries and approximately 20.5% of worker fatalities in the United States. Between 2003 and 2008, while merely about 7.8% of employees worked in the construction industry in New Zealand, over 12% of non-fatal injuries have occurred in this sector [4]. Occupational risks and hazards in this industry not only threaten people’s health but also economically challenge the organization by imposing a lot of costs on projects [1,5,6]. It has caused the main concerns of this area are to promote safety level and to counteract the occupational risks [7].



Given the limited resources of organizations, it is obvious that coping with all risks and hazards is virtually impossible. Thus, identifying and assessing risks and hazards in order to determine the most important ones is a crucial step in risk management [8]. This has led researchers to develop effective and efficient tools to identify, assess, and manage the occupational risks and hazards of this industry to cope with their health and financial implications maximally. Pinto et al. applied traditional methods and fuzzy set theoretical approaches to obtain a method for assessing occupational risks in construction sites [6]. Thomas et al. used the fuzzy-fault tree and the Delphi method to provide a framework for risk probability and impact assessment with the ability to evaluate the risks under inadequate data conditions [9]. Liu and Tsai presented a combined fuzzy-based risk assessment methodology to manage occupational risks and hazards of the construction industry. The approach presented in their study includes the combination of Quality Function Deployment (QFD), Analytical Network Process (ANP), and Failure Mode and Effects Analysis (FMEA) methods used to determine the relationships between construction items, types of risks and their causes, and finally, to assess each risk value [1]. Błazik-Borowa and Szer aimed at identifying the causes of the health hazards of workers in the construction industry and reducing their likelihood of the occurrence and analyzed the stages of scaffolding life used in the construction projects. They investigated different stages of scaffold design and usage to identify failures and errors in each step. They also have suggested ways to reduce the probability of the occurrence of these risks [10]. Seker and Zavadskas presented a model using a fuzzy-based DEMATEL (Decision making trial and evaluation laboratory) method to assess the occupational hazards of the construction industry. One of the main advantages of the model presented in this study is to consider causal relationships in determining the importance of risks [2]. Debnath and Biswas developed a model for assessing the health risks of construction workers using the interval type-2 fuzzy analytic hierarchy process [11].



In general, the risk assessment problem can be considered as a multi-criteria decision-making problem. Various researchers have suggested that multi-criteria decision-making methods be used to solve these problems due to their high ability to assess and prioritize [12,13,14]. In many of the studies conducted on risk assessment, researchers have used MCDM methods as well as expert knowledge to assess the risks. Also, due to the uncertain nature of risk, fuzzy sets [1,2], interval-valued fuzzy sets [11,15], interval-valued intuitionistic fuzzy sets [16,17], and so on are used in many models to overcome this kind of uncertainty and ambiguity. On the other hand, in many real-world problems in the field of risk assessment, for various reasons such as differences in experience and knowledge level of experts, time pressures, etc., decision-makers do not usually come to a consensus on complex decisions on specific elements and getting an agreement is usually difficult. For example, there may be differences between the opinions of two experts on the membership degree of the element x in the set A (one expert determines the value of 0.4, and the other expert determines the value of 0.8 for membership degree). Also, each expert may be individually skeptical about determining the membership degree of an element in a particular set and expresses different values for membership degree. These conditions cause decision-makers to come up with a set of possible values for the membership degree instead of a single and distinct membership degree value.



In order to overcome these challenges and eliminate the complications arising from them in the decision-making process, a concept called hesitant fuzzy sets was presented by Torra and Narukawa as a development of a fuzzy set [18]. A hesitant fuzzy set provides the possibility to consider a set of possible values between [0,1] as a membership function, which greatly increases its effectiveness in solving real-world problems. Since the emergence of the hesitant fuzzy concept, the growing attention of scholars has come to this area, and it has been successfully used in many decision-making problems under the conditions of uncertainty [19,20,21].



Given the above, the main goal of this paper is to present an extended FMEA method, using the MCDM method based on the hesitant fuzzy numbers and the SWARA approach, not only to overcome the aforementioned deficiencies of traditional FMEA but also to have a flexible risk assessment tool, which effectively considers the hesitancy of FMEA team members, by taking the advantages of hesitant fuzzy numbers. Moreover, applying the presented approach in the construction industry to determine the most important occupational hazards in this sector could be considered as the minor goal of this study. To do so, a hybrid model is presented in this study in which the SWARA method, the hesitant fuzzy-based Multiple-Criteria Decision Making (MCDM) method, and the FMEA method are used to provide a more accurate assessment of the occupational risks in the construction industry. FMEA is a systematic tool for identifying and assessing potential failures. It was developed by the U.S. National Aeronautics and Space Administration (NASA) for the first time in the early 1960s to improve the reliability of military equipment [22]. Among the important features of this technique is an action-oriented approach to the risks which emphasizes risk prevention rather than providing solutions to the problem [23,24]. Although there are criticisms about the FMEA method, this technique has attracted enormous interest and has become a widely used tool in risk assessment due to its easiness and high visibility [25]. Given that the risk assessment using the FMEA method is a group decision based on the views of the members of the FMEA team, so due to the differences in the level of experience, knowledge, and expertise, it is quite likely that the members of the FMEA team have different views on risk assessment or are hesitant about estimating a risk and evaluating it accurately. This issue distorts the consensus of the opinions of team members. As the main innovation of this research, the model presented in this paper can solve this problem by hesitant fuzzy logic to increase the accuracy of risk assessment. Also, to further enhance the accuracy of the assessment, the risk weight of the factors is obtained using the Stepwise Weight Assessment Ratio Analysis (SWARA) method, which is one of the most widely used MCDM methods to determine the importance of the criteria. This method helps coordinate and gather data from experts [26].




2. Literature Review


FMEA is a powerful team-driven tool for assessing the security and stability of products, services, processes, and systems that are designed to define, identify, and eliminate known or potential failures, problems, and errors [24,27]. It is an appropriate risk assessment tool that helps decision-makers and risk analysts identify potential failure modes to rank them in order of importance so that measures are taken to reduce the probability of occurrence and the risks posed by the riskiest failure modes [28]. Regarding the strengths of this approach in risk assessment, it widely has been applied by researchers in different industries like marine, aerospace, automobile, healthcare, and so on to assess and prioritize the risks [29]. Also, it has been used to solve the risk assessment problems in the construction industry, which crucially needs a powerful risk assessment tool because of the complexity and high level of risks in the projects [30].



The risk assessment in this technique is based on three criteria: Severity (S), Occurrence (O), and Detection (D) [8]. In the traditional FMEA, to measure the three criteria, a numeric scale of 1 to 10 is used. Thus, each failure mode is characterized by three numbers, and by multiplying them together, a scale called Risk Priority Number (RPN) is obtained for ranking the failure modes [31]. Accordingly, the higher the RPN value, the more important the failure mode is, and the higher priority it has.



Although FMEA is widely used in risk management, many criticisms have accompanied its traditional form through previous researches. The most serious criticisms include [8,27,28,32,33,34]:




	
The equal weights for O, S, D may not occur in practice, and these parameters actually have different weights.



	
Different combinations of the three parameters may result in the production of the same RPN number for two or more failures, while their potential risks may be completely different. For example, two different failure modes that have O, S, and D values of 1, 10, 8, and 4, 5, 4, respectively, both have the same RPN value of 80 and are of the equal importance and priority in the traditional FMEA method, but in practice, they may be very different.



	
It is difficult to assess the exact value of risk factors because it is always faced with uncertainties due to the low time of FMEA team members, their lack of full control over all aspects, personal opinions, and so on.



	
There is no mathematical justification for multiplying the number of risk factors together to obtain RPN.



	
Numbers assigned to risk factors are of a sequential scale, so their multiplication is not only meaningless but even misleading.



	
RPNs are not continuous and heavily distributed at the bottom of the scale from 1 to 1000. Many of the numbers in the range of 1–1000 cannot be formed from the product of O, S, and D, and only 120 of the 1000 numbers are unique.



	
The definition of the risk index is affected by the expert’s attitude toward risk. Moreover, group decision-making is not considered in the traditional FMEA method.








Given the criticisms of the traditional FMEA method, a lot of efforts have been made in the literature to improve the performance of this method and to resolve these criticisms. Since determining the rank and priority of failure modes in the FMEA method is an MCDM problem [31], many researchers have used these methods in improving the FMEA method. Also, various methods such as fuzzy set, interval-valued intuitionistic fuzzy set, grey numbers are used to overcome the uncertainties in the risk assessment. The following are some of these studies.



Bowles and Pelaez were the first to use fuzzy logic to overcome the uncertainties in the assessment of failure modes. In their model, the fuzzy method transforms the risk factors into fuzzy representations, which are complied with the rules in a fuzzy if-then rule base and defuzzified in order to determine the risk degrees of failure modes [35]. Ko used a two-tuple linguistic model to assess failure modes for averting the information loss in the FMEA process [36]. Liu et al. presented a model using a combined approach, D numbers and the Grey Relational Project (GRP), to improve the FMEA method for evaluation under conditions of uncertainty. In this approach, risk factors are evaluated using D numbers, and the priority of risks is calculated using the GRP method [37]. Wang et al. (2016) used the combined ANP and Complex Proportional Assessment (COPRAS) methods with interval-valued intuitionistic fuzzy numbers to solve the traditional FMEA method problems under the conditions of uncertainty and its inefficiency in determining the weights of criteria and priorities of risks [17]. Liu et al. used hesitant fuzzy linguistic variables to evaluate failure modes in order to better aggregate the views of the members of the FMEA team and perform a more accurate evaluation and applied the Qualitative Flexible Multiple Criteria Method (QUALIFLEX) method to rank them [25]. Liu et al. proposed a model to overcome the limitations of the traditional FMEA methodology. In the model presented in their research, the cloud model theory is used to represent the uncertain linguistic evaluations given by members of the FMEA team, and the extended GRA method is used to determine the priority of failure modes. Also, in this model, the relative importance of each of the risk factors is calculated based on GRA idea using a multi-objective optimization model [38]. Tsai et al. used the DEMATEL method to increase the effectiveness of the traditional FMEA method. In their model, FMEA was applied to identify the items needed to improve. Then, DEMATEL was used to investigate the interactive effects and causal relationships of these items. In the final step, solutions for problems were prioritized [39]. Fattahi and Khalilzadeh developed an extended methodology to improve the accuracy of the FMEA method. In their method, the Fuzzy Weighted Risk Priority Number (FWRPN) was used instead of RPN for each failure. The extended fuzzy Analytical Hierarchy Process (AHP) and Fuzzy Multi-Objective Optimization Based on Ratio Analysis (MULTIMOORA) plus the Full Multiplicative Form methods were applied to calculate the weights of three factors and the weights of failure modes, respectively [40]. Yousefi et al. aimed at addressing the problems and inadequacies of the FMEA prioritization system and developed a new FMEA model using the Data Envelopment Analysis (DEA) method [41]. Bian et al. used the combination of D number and Technique for the Order of Preference by Similarity to Ideal Solution (TOPSIS) to improve FMEA. They proposed a novel risk priority model based on D numbers and TOPSIS for risk assessment in FMEA. The assessments performed by the FMEA team members were denoted by D numbers, where a novel practical and efficient method was able to represent the uncertain information effectively [42]. Geramian et al. used fuzzy logic to overcome the problems of group thinking in the process of risk assessment using the FMEA method. In the model developed by these researchers, the Taguchi’s robust parameter design was used, and the effects of various control parameters, including defuzzification, Aggregation, and Implication operators for the fuzzy inference system (FIS) were investigated [43]. In addition to the above researches, in order to improve the traditional FMEA methodology and fix its challenges and limitations, other models and methods have been proposed by the researchers, including models based on TOPSIS [44], DEA [45], DEMATEL [34], and so on.



Liu et al., in a review paper, asserted that in spite of the several attempts that made to improve the traditional FMEA and overcome its shortcomings, the hesitancy of decision-makers in risk assessment processes remains as a serious problem which needs to be solved by using appropriate methods and operators [29]. Particularly, in the construction industry, the risk assessment is significantly more complicated than the other sectors because of the high complexity of the construction projects. Hence, using the hesitant fuzzy sets is more consistent with this type of complicated projects [46].



Therefore, to overcome the mentioned shortcomings of traditional FMEA and solve the problem of the hesitancy of decision-makers in the risk assessment process, in this paper, we proposed a new hybrid FMEA method using the SWARA method and the HFWGHM operator. Finally, the validity of the results of this method is analyzed.




3. The Proposed Hesitant Fuzzy FMEA Method


The risk assessment using the model presented in this paper consists of three phases, as shown in Figure 1. This model is based on the use of the SWARA method and HFWGHM-based MCDM method in a hesitant fuzzy environment. The phases of the model presented in this study are described below.



Phase 1:



At this stage of the risk assessment process using the proposed model, the FMEA team consists of experts and decision-makers specializing in the subject is formed, and the list of potential failure modes is determined and finalized by team members. At the final step of the first phase, the failures identified by the experts are evaluated based on risk factors of the FMEA method using linguistic variables, and the initial decision matrix is formed by linguistic variables. Regarding what has already been said about the model presented in this research, it is evident that each member of the FMEA team presents his own personal and expert opinions. Hence, their doubts and ambiguities in the assessment of failure modes based on the risk factors have been considered.



Phase 2:



At this stage of the process, the weights of risk factors are assessed by the FMEA team members separately based on the SWARA method. The weight of each risk factor is calculated by the SWARA method, and the final weights are determined using the geometric mean of the weights obtained from the opinions of the FMEA team members.



Phase 3:



In order to assess the failure modes and rank them using the proposed model, it is necessary to follow the following steps that are derived from [47]:



Step 1.



If   =  {  F  M 1  , F  M 2  , … , F  M m   }    is a set of failure modes and   C =  {  O , S , D  }    is a set of risk factors and   ω =    (   ω 1  ,  ω 2  ,  ω 3   )   T    is the corresponding weight vector such that    ω i  > 0   and     ∑   i = 1  3   ω i  = 1  ; then, all possible values for evaluation of the failure mode   F  M i    based on the risk factor    c i    (O, S or D) as an HFE are in the form of    h  i j   =   ∪    γ  i j   ∈  h  i j       {   γ  i j    }   , and the set of these values for all    h  i j    (  i = 1 , 2 , … , m , j = 1 , 2 , 3  )    forms the hesitant fuzzy decision matrix. This matrix is represented by   H =    (   h  i j    )    m × 3     which is shown in Table 1.



Step 2.



The second step is to make possible the comparison between elements of the decision matrix   H =    (   h  i j    )    m × 3    . Hence, this matrix is normalized. The normalized hesitant fuzzy decision matrix is represented by   B =    (   b  i j    )    m × 3     and is defined as Equation (1). In this equation,     ∪    γ  i j   ∈  h  i j       {   γ  i j    }  =  h c   ⋃ is complementary of h:


   b  i j   =  ∪   t  i j   ∈  b  i j   =  {       {   γ  i j    }    f o r   b e n e f i t   c r i t e r i o n    c  i j          {  1 −  γ  i j    }  f o r   c o s t   c r i t e r o n    c  i j           i = 1 , 2 , … , m ; j = 1 , 2 , 3  



(1)







Step 3.



The HFWGHM operator, explained in the next section, is applied to the i-th row to aggregate the performance values    b  i j    (  j = 1 , 2 , 3  )   , and the total performance value corresponding to the failure mode   F  M i   , represented by    b i   , is calculated using Equation (2):


   b i  = H F W G H M  (   b  i 1   ,  b  i 2   ,  b  i 3    )   



(2)







Step 4.



At this step, the score function   s  (   b i   )    corresponding to    b i    is calculated using the Definition 3 and the failure modes are ranked based on   s  (   b i   )    values in descending order.



3.1. Hesitant Fuzzy Weighted Geometric Heronian Mean (HFWGHM)


The concept of the hesitant fuzzy sets was presented by Torra and Narukawa and Torra, in which the membership values can be represented as a set of possible values [18,48]. So far, several decision-making models based on a hesitant fuzzy set are proposed in various studies to make a decision under uncertainty, such as [49,50].



Definition 1.

Let X be a fixed set, then the hesitant fuzzy set on X is defined in terms of a function, when applied to the X set, returns a subset of numbers in   [  0 , 1  ]   . This set can be displayed as follows [48]:


  E =  {    〈 x , h  ( x )  〉  |  x ∈ X  }   



(3)




where    h  ( x )   is a set of values in   [  0 , 1  ]   , which indicates the possible membership degree of each  x ∈ X  in the set E. For ease, HFE (Hesitant Fuzzy Element) is used to refer to  h  ( x )   .





Definition 2.

If h,    h 1    , and    h 2    are three HFEs then:




	(1)

	
     h λ  =   ∪   γ ∈ h    {   γ λ   }   ;




	(2)

	
  λ h =   ∪   γ ∈ h    {  1 −    (  1 − γ  )   λ   }   ;




	(3)

	
   h 1  ⨁  h 2  =   ∪    γ 1  ∈  h 1  ,  γ 2  ∈  h 2     {   γ 1  +  γ 2  −  γ 1   γ 2   }   ;




	(4)

	
   h 1  ⨂  h 2  =   ∪    γ 1  ∈  h 1  ,  γ 2  ∈  h 2     {   γ 1   γ 2   }   .











Definition 3.

For hesitant fuzzy element h,   s  ( h )  =  1  # h     ∑   γ ∈ h   γ   is called the score function, where   # h   represents the number of elements of the set h. In addition, if h,    h 1    , and    h 2    are three HFEs, then the following rules and relationships govern this set [51]:




	(1)

	
If  s  (   h 1   )  > s  (   h 2   )   then,   h 1  >  h 2   ;




	(2)

	
If  s  (   h 1   )  = s  (   h 2   )   then,   h 1  =  h 2   . The Hesitant Fuzzy Weighted Geometric Heronian Mean (HFWGHM) was developed by [47].











Definition 4.

Consider    h i   (  i = 1 , 2 , … , n  )    to be a set of HFEs and   ω =    (   ω 1  ,  ω 2  , … ,  ω n   )   T    to be the weight vector of    h i    , where    ω i    represents the importance degree of    h i    such that    ω i  > 0   and     ∑   i = 1  n   ω i  = 1   . Then the weighted operators, Hesitant Fuzzy Weighted Geometric Heronian Mean (HFWHM) and HFWGHM, are defined as Equations (4) and (5):


   H F W H M  (   h 1  ,  h 2  , … ,  h n   )  =    (   2  n  (  n + 1  )      ∑   i = 1  n    ∑   j = i  n     (   w i   h i   )   p  ⨂    (   w j   h j   )   q   )     1  p + q       



(4)






   H F W G H M  (   h 1  ,  h 2  , … ,  h n   )  =  1  p + q    (     n     ⨂      i = 1 , j = i        (     (  p  h i   )     w i    ⨁    (  q  h j   )     w j     )     2  n  (  n + 1  )       )    



(5)









Theorem 1.

Consider    h i   (  i = 1 , 2 , … , n  )    to be a set of HFEs and   ω =    (   ω 1  ,  ω 2  , … ,  ω n   )   T    to be the weight vector of    h i    , where    ω i    represents the importance degree of    h i    , such that    ω i  > 0   and     ∑   i = 1  n   ω i  = 1   . The aggregated value obtained from the HFWGHM or HFWHM operators will be in the form of Equations (6) and (7), respectively. The proof of this theorem is presented in [47]:


   H F W H M  (   h 1  ,  h 2  , … ,  h n   )  =     ∪    ξ i  ∈  h i  ,  ξ j  ∈  h j     {     (  1   ∏   i = 1 , j = i  n     (  1    (  1 −    (  1 −  ξ i   )     w i     )   p     (  1 −    (  1 −  ξ j   )     w j     )   q   )     2  n  (  n + 1  )       )     1  p + q      }    



(6)






   H F W G H M  (   h 1  ,  h 2  , … ,  h n   )  =     ∪    ξ i  ∈  h i  ,  ξ j  ∈  h j     {  1 −    (  1 −   ∏   i = 1 , j = i  n     (  1 −    (  1 −  ξ i      w i     )   p     (  1 −  ξ j      w j     )   q   )     2  n  (  n + 1  )       )     1  p + q      }    



(7)









Due to the capabilities of HFSs, they have been used to resolve many practical decision-making problems such as contractor selection in logistics outsourcing [52], investment opportunity selection [53] and ranking engineering characteristics in product development of electric vehicles [54].




3.2. SWARA Method


Experts have an important role in evaluating and determining the weight of the criteria in multi-criteria decision-making problems. They are in charge of the inescapable part of the decision-making process. Each expert identifies the priority of each criterion, and ultimately, the criteria ranks are obtained according to the overall output of the priority settings. The most important factors leading to better decision making by experts are knowledge, information, and experience. In the SWARA method, as a new MCDM method, the highest rank indicates the most valuable criterion, while the lowest rank shows the least important criteria. After that, the geometric mean of ranking values is taken to determine the final ranking [55]. The capability of the SWARA method to evaluate expert precision about the criteria is considered to be its major advantage [56]. The point of view of SWARA differs from other MCDM approaches, such as ANP, Factor Relationship (FARE), and the AHP [57]. This approach leads to improved decision making in a wide range of situations and a more appropriate ranking of the criteria for necessary goals. In addition, expert opinions are applied to the decision-making process.



SWARA provides the following benefits compared to other weighting tools and methods; it handles the ability for estimation of experts’ opinion about criteria importance ratio in determining the weights, it has the benefit of coordinating and gathering information from experts, it is user-friendly, uncomplicated, and simple, in which the experts have the ability to easily work together, and finally, it explores the problem priorities according to company policies [58].



The SWARA method has been applied to various decision-making problems in some previous studies [59,60,61]. Below is a summary of the main steps of this method:



Step 1: Sorting criteria based on expert opinions. The most important criterion is ranked first, and less important criteria are in the next levels.



Step 2: Determining the comparative importance of each criterion. The relative importance of each criterion is determined in relation to previous criteria. This comparative importance is denoted by Sj.



Step 3: Calculating Kj, a relative importance function for each criterion. This coefficient is calculated using Equation (8):


   K j  =  S j  + 1  



(8)







Step 4: Calculating the initial weight of each criterion, which can be determined using Equation (9):


   w j  =    w  j − 1      K j     



(9)







Step 5: Determining the final weight of each criterion. This is the final step in the SWARA method, in which the final weight of each criterion, the normalized weight, is obtained using Equation (10):


   q j  =    w j     ∑   w j     



(10)









4. Illustrative Example


In this section, we provide a case study to illustrate the potential applications and benefits of the proposed FMEA in the prioritization of failure modes. For this purpose, the model presented in this study is used to assess the occupational risks of the construction industry.



The case study is about an active company in various fields of designing and supervising the implementation of construction and urbanization projects in Iran. Faratarh Ariana Consulting Engineers Company has been active in the construction industry for more than a decade and has been designer and supervisor of more than four million square meters of building in the form of various projects. The company’s high expertise in consulting and supervising construction projects, and the plurality of projects distributed throughout Iran and sometimes abroad, have caused the company’s managers and experts to have a broad perspective on the occupational hazards in the construction industry and to be able to assess the risks accurately. This is why this company has been selected as the case study.



Implementation


Based on the process outlined in Figure 1, after identifying the risk assessment objectives and defining the level of analysis, a FMEA team comprised of 4 company managers was formed, and the occupational hazards of the construction industry were identified as failure modes. After the consensus of the team members’ opinions, the failure modes were finalized, as shown in Table 2.



At this stage, FMEA team members were asked to separately express their opinions about the relative importance of risk factors based on the SWARA method steps. For example, the opinions of one of them in the risk weighting process are shown in Table 3.



The final weight of each of the risk factor were determined by calculating the geometric mean of the weights determined by each member of the FMEA team. These values are shown in Table 4.



Also, at this stage, the experts were asked to assess the identified failure modes using the linguistic variables specified in Table 5. The results of this assessment, known as the initial decision matrix, are presented in Table 6.



Then, using Equation (4), the assessments conducted by experts were converted into the hesitant fuzzy set. In other words, the initial decision matrix changed to the hesitant fuzzy decision matrix. This matrix is shown in Table 7. Also, by converting the linguistic variables into fuzzy numbers, the numeric form of the hesitant fuzzy decision matrix was formed as Table 8.



As can be seen in this matrix, the difference between the expert opinions in the assessments has been well-modeled. For example, in the above decision matrix, consider    h  21   =  {  0.9  }   . This means that the experts had the same view in the assessment of the alternative FM2 based on the Occurrence criterion. As another example, consider the value    h  33   =  {  0.1 ,   0.7 ,   0.9  }   . This means that two of the four members of the FMEA team had the same view in the FM3 assessment based on the Detection risk factor, and the other two members had different opinions. Therefore, the HFE for FM3 assessment based on the Detection criterion has three different members.



Now, based on the second step of the hesitant fuzzy MCDM, the specified hesitant fuzzy decision matrix should be normalized using Equation (1). It is worth noting that since Detection risk factor has a different nature compared to the other two risk factors, the more the values of Detection, the less the importance of the risk.



In the traditional FMEA method, if the value of the detection for a failure mode is greater, then the lower number is considered for it, which ultimately results in lower RPN and decreasing the importance of the failure mode, but in the logic considered in this research, the higher detection value is evaluated with more linguistic variables, and when this criterion is calculated, it is considered as a negative criterion, which actually reduces the importance of the failure mode, so, given that the Detection criterion is considered as a negative criterion and according to Equation (1), the complementary of HFEs should be calculated for this criterion to normalize the hesitant fuzzy decision matrix. This matrix is presented in Table 9.



In this step, the risk values of each failure mode were aggregated using the HFWGHM operator, and the total risk values corresponding to each failure mode were calculated using Equation (2). After calculating the overall performance values of each failure mode, the performance score of each failure mode was calculated using the Equation (5), and then, the alternatives were ranked based on these scores.





5. Results and Discussion


The performance rating and ranking have been calculated by the HFWGHM operator (p = q = 1) and presented in Table 10.



Given the final results, the failure modes can be sorted in descending order: FM2 > FM4 > FM5 > FM1 > FM8 > FM7 > FM3 > FM9 > FM6. It is clear that the failure mode FM2 suffers a high-risk degree, and it should be emphasized and regarded meticulously. The achieved results were shared with security and safety experts in the field of study, and they confirmed such results. Hence, it can be concluded that the proposed model is reliable and informative.



In order to evaluate the rationality and reliability associated with the proposed approach of failure mode ranking, the authors conducted sensitivity analyses for the current approach and compared it with some results of other methods.



5.1. Sensitivity Study


Equation (5) denotes that in the suggested procedure, two p and q parameters are used to calculate the score and rank of the failure modes. In the real decision-making problems, the decision-makers taking a gloomy view of the prospects can select the higher p and q, while optimistic decision-makers can consider lower values for them [62]. In this case, p and q are considered values equal to 1. However, both parameters can accept any non-negative integers. In order to show the effect of the parameters p and q in this problem, the performance scores of failure modes were calculated based on different values of p and q, and the alternatives were ranked considering each of these states. The results are shown in Table 11.



In addition, in the case where the value of one parameter (p or q) is considered constant, and the other parameter is continuously changed, the trends of changes in the performance score of each failure mode are shown in Figure 2 and Figure 3.



As Table 11 and Figure 2 and Figure 3 indicate, the final ranking of the failure modes can vary according to p and q. Precisely, FM2, failing objects, in all the scenarios, has acquired the highest priority, and also FM6, structure collapse, has taken the lowest priority under different values for p and q. Thus, the decision-making model based on the HFWGHM operator for these two failure modes presents excellent stability. Whereas, with increasing p and q values to the values greater than 1, the order of middle failure modes changes slightly (in some cases, they swapped with each other), which demonstrates the influence of the features of decision-makers (their risk-taking and risk-aversion behavior) in decision-making processes.



Changes in the values of the two parameters p and q, also result in changes in the aggregated values (using the HFWGHM operator) of HFEs, as shown in Figure 4, separated for each of the alternatives. The value and range assessment of the diagrams pertinent to the performance rating of the different options (Figure 4) illustrates that FM2 is the most significant failure mode, and FM6 is the most insignificant failure mode.




5.2. Comparison Analysis


Furthermore, in order to analyze the effectiveness of the presented method, the results should be compared with other extended FMEA methods. But, because of the important role of p and q parameters in the final ranking, the results are compared with other operators in the scope of hesitant fuzzy numbers like hesitant fuzzy weighted Heronian mean operator (HFWHM), the hesitant fuzzy weighted Bonferroni mean (HFWBM) [63] and hesitant fuzzy weighted geometric Bonferroni means (HFWGBM) [64] operators. The final ranking of alternatives, for different values of p and q, is presented in Table 12.



As shown in Table 12, the rank assigned to each of the failure modes using the traditional FMEA method in some cases, such as FM1 and FM4, is completely different from the rank obtained by the MCDM method based on different operators of the hesitant fuzzy numbers, which is due to the limitations of the traditional FMEA method described in Section 2. For example, in the traditional FMEA method, FM1 has a higher priority and importance than FM2, while in the logic of hesitant fuzzy numbers, and in particular in the model presented in this study, for all values of p and q, FM2 has a higher priority than FM1, which is more compatible with real-world events according to experts’ opinion. One of the main reasons for this difference is the consideration of different weights for risk factors in the model presented in this study. Accordingly, Occurrence has a higher weight than Severity, and since FM2 is more common than FM1, it has a higher priority. Also, the hesitant fuzzy numbers have been used in the model presented in this study, and the difference in opinions between the members of the FMEA team has been carefully applied in the final aggregation; so these may also be other reasons for the difference in ranks of FMs. It is also observed that some of the failure modes (FM3 and FM6) in the traditional FMEA method have the same RPN and, consequently, the same importance, while in the model presented in this study, i.e., the MCDM method based on HFWGHM operator, FM3 placed 2-3 ranks higher than FM6 for different values of p and q.



As discussed earlier, in the presented method, the values of p and q parameters play a crucial role in the decision-making process. Hence, in order to eliminate the effect of these parameters in results and prioritization and make a proper comparison between the proposed method and the other operators, they are assumed equal values for all calculations. The comparison between the proposed FMEA method and the other operators are depicted in Figure 5.



Moreover, to have a more straightforward comparison, the correlation coefficients between the ranking results of all approaches are calculated and shown in Table 13. Accordingly, there is a much significant correlation between the ranking resulted from HFWGHM and HFWGBM approaches, which are based on geometric mean, for all values of p and q parameters. Moreover, FM2 always stands in the first place of ranking order using these approaches. On the other hand, the other operators, HFWHM and HFWBM, are relatively correlated, and FM4 acquired the first rank in most situations using these two operators.



The potential causes of difference among the proposed method and the conventional FMEA method are as follows: (1) The proposed method can consider different types of uncertainty in assessments performed by the FMEA team, including imprecise, uncertainty, and hesitation. Practically, the accuracy of the opinions of FMEA team members improves because they are more flexible and able to express their mental opinions. It can be said that the main difference of the model presented in this study with other improved FMEA models is that the opinions of all members of the FMEA team are accurately applied in the calculation process. Perhaps it’s better to say that, in the proposed approach, the FMEA team members have the ability to provide different sets of values for evaluating failure modes. (2) In the traditional FMEA, all risk factors are considered equally important, while in the presented method, risk factors are weighted using the SWARA method, which is one of the well-known weighing methods and is helpful for coordinating and gathering information from FMEA team members. This weighing method is completely in contrast to the traditional FMEA method but improves the results by increasing their realism.



Moreover, the presented approach has multiple advantages over conventional FMEA. For example, duplicated risk rankings are less likely to occur, while in the traditional risk assessment, its occurrence probability is high. The presented approach has also resolved other common limitations and criticisms in the traditional FMEA method, including the lack of mathematical logic in computing RPN.



As discussed earlier, according to experts’ opinion, the ranking results of the proposed method in this paper are more consistent with the real-world situation. Moreover, analyzing the difference between the results of the proposed approach and the other operators in the realm of hesitant fuzzy numbers has illustrated that using the various aggregation and meaning algorithms is the main cause of such difference. The hesitant fuzzy MCDM method based on the HFWGHM operator uses the geometric mean operator for aggregation of the opinions of various experts and group decision-making. On the other hand, given that the Heronian mean (HM) can consider the interrelationship between the individual criterion, it leads to relieving the calculation redundancy more than the methods which use Bonferroni mean (BM) [65]. Moreover, the results have shown that the different values of p and q parameters lead to different ranking orders. Hence, the features of the experts, their risk-taking and risk-aversion, can be considered in the risk assessment process by adjusting the values of p and q parameters. Such a capability makes the proposed method more flexible than the previous hybrid FMEA-MADM methods.





6. Conclusions


The construction industry has always been recognized as one of the most dangerous industries in the world, which is prone to reveal a wide range of occupational accidents. This has led various researchers to develop occupational risk assessment models to use in this industry. Several studies used the conventional FMEA method in the construction industry, but it has several shortcomings that compelled researchers to extend the FMEA using different MCDM methods. Although those hybrid methods have significant advantages over traditional FMEA, there are still some problems that need to get improved.



Given the uncertainty existing in risk assessment, in most of the proposed models, researchers have used the logic of fuzzy and intuitive fuzzy sets to increase the accuracy of the assessment and to overcome the existing uncertainty. However, if experts and evaluators are skeptical about risk assessment, the logic of fuzzy sets and intuitive fuzzy sets will not be effective. For a variety of reasons, including the difference in the level of knowledge and experience, the type and manner of looking at the problem and the level of optimism and pessimism of the experts, the skepticism of experts in risk assessment is likely to be quite feasible. In this situation, in order to overcome this uncertainty and hesitance, the use of hesitant fuzzy set will be helpful. Therefore, in this research, the SWARA method and MCDM method based on hesitant fuzzy logic are used to develop a new FMEA framework for assessing the occupational hazards of the construction industry which in addition to high ability to assess risk and overcome information uncertainty and expert hesitance, it also resolves deficiencies and difficulties of the FMEA framework. This model was applied to the occupational risk assessment problem in the construction industry, and its results were compared with traditional FMEA method and other hesitant fuzzy operators, including HFWHM, HFWBM, and HFWGBM. According to this comparison, the high accuracy and efficiency of the proposed model were proven for aggregation of the opinions of FMEA team members and the assessment of occupational hazards. The new model also has the ability to handle the information diversity and uncertainty in the FMEA team member’s assessment using the hesitant fuzzy numbers. In particular, the proposed FMEA framework is helpful for addressing complicated risk analysis problems, which include comprehensive risk factors and limited failure mode. Also, one of the limitations of the traditional FMEA methodology is the allocation of the same weight to risk factors, which reduces the accuracy of risk assessment and has made a lot of criticism. In the model presented in this study, this limitation has been fixed using the SWARA method to determine the weight of risk factors. In addition to simplicity and ease of use, this method has a high degree of accuracy in explaining the views of the members of the FMEA team, which greatly increases the accuracy of the assessment.



Given the above, the proposed approach in this paper has several advantages over than the conventional FMEA, including:




	
By taking the benefits of the hesitant fuzzy sets, modeling the hesitancy of experts in the risk assessment process is made possible, and the effectiveness of their decisions is increased.



	
By using the SWARA method, different weights could be considered for the risk factors, which leads to more accurate results



	
By using the HFWGHM-based MCDM, the problem of multiplication of values of the risk factors, as one of the mathematical problems of the traditional FMEA, is solved.



	
The developed approach can provide possibilities more logically to regard FMEA team members’ opinion and group decision-making to prioritize risks.








In order to conduct further research in this area, it is suggested that the approach developed in this paper is adopted to evaluate risk in a variety of areas, such as technology management and human resource management, which have hesitant and uncertain data. Also, it is proposed to use a hybrid approach, hesitant fuzzy multi-attribute decision-making, and FMEA, to risk assessment problems.







Author Contributions


Data curation, A.S.V. and J.H.D.; Methodology, J.H.D., H.R.F. and E.K.Z.; Supervision, J.H.D.; Writing—original draft, H.R.F.; Writing—review & editing, H.R.F., J.H.D. and A.Č. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Liu, H.T.; Tsai, Y.L. A fuzzy risk assessment approach for occupational hazards in the construction industry. Saf. Sci. 2012, 50, 1067–1078. [Google Scholar] [CrossRef]

	



Seker, S.; Zavadskas, E.K. Application of fuzzy DEMATEL method for analyzing occupational risks on construction sites. Sustainability 2017, 9, 2083. [Google Scholar] [CrossRef]

	



McCabe, B.Y.; Alderman, E.; Chen, Y.; Hyatt, D.E.; Shahi, A. Safety performance in the construction industry: Quasi-longitudinal study. J. Constr. Eng. Manag. 2017, 143, 04016113. [Google Scholar] [CrossRef]

	



Ghodrati, N.; Yiu, T.W.; Wilkinson, S.; Shahbazpour, M. A new approach to predict safety outcomes in the construction industry. Saf. Sci. 2018, 109, 86–94. [Google Scholar] [CrossRef]

	



Debnath, J.; Biswas, A.; Sivan, P.; Sen, K.N.; Sahu, S. Fuzzy inference model for assessing occupational risks in construction sites. Int. J. Ind. Ergon. 2016, 55, 114–128. [Google Scholar] [CrossRef]

	



Pinto, A.; Nunes, I.L.; Ribeiro, R.A. Occupational risk assessment in construction industry–Overview and reflection. Saf. Sci. 2011, 49, 616–624. [Google Scholar] [CrossRef]

	



Gurcanli, G.E.; Mungen, U. An occupational safety risk analysis method at construction sites using fuzzy sets. Int. J. Ind. Ergon. 2009, 39, 371–387. [Google Scholar] [CrossRef]

	



Vahdani, B.; Salimi, M.; Charkhchian, M. A new FMEA method by integrating fuzzy belief structure and TOPSIS to improve risk evaluation process. Int. J. Adv. Manuf. Technol. 2015, 77, 357–368. [Google Scholar] [CrossRef]

	



Thomas, A.V.; Kalidindi, S.N.; Ganesh, L.S. Modelling and assessment of critical risks in BOT road projects. Constr. Manag. Econ. 2006, 24, 407–424. [Google Scholar] [CrossRef]

	



Błazik-Borowa, E.; Szer, J. The analysis of the stages of scaffolding “life” with regard to the decrease in the hazard at building works. Arch. Civ. Mech. Eng. 2015, 15, 516–524. [Google Scholar] [CrossRef]

	



Debnath, J.; Biswas, A. Assessment of Occupational Risks in Construction Sites Using Interval Type-2 Fuzzy Analytic Hierarchy Process; Springer: Berlin, Germany, 2018; pp. 283–297. [Google Scholar]

	



Ghoushchi, S.J.; Yousefi, S.; Khazaeili, M. An extended FMEA approach based on the Z-MOORA and fuzzy BWM for prioritization of failures. Soft Comput. 2019, 81, 105505. [Google Scholar] [CrossRef]

	



Fouladgar, M.M.; Yazdani-Chamzini, A.; Zavadskas, E.K. Risk evaluation of tunneling projects. Arch. Civ. Mech. Eng. 2012, 12, 1–12. [Google Scholar] [CrossRef]

	



Jozi, S.A.; Shoshtary, M.T.; Zadeh, A.R.K. Environmental risk assessment of dams in construction phase using a multi-criteria decision-making (MCDM) method. Hum. Ecol. Risk Assess. An Int. J. 2015, 21, 1–16. [Google Scholar] [CrossRef]

	



Jana, D.K.; Pramanik, S.; Sahoo, P.; Mukherjee, A. Interval type-2 fuzzy logic and its application to occupational safety risk performance in industries. Soft Comput. 2019, 23, 557–567. [Google Scholar] [CrossRef]

	



Zhang, Z.; Li, Z.; Chen, X.; Qu, G.; Hu, Y.; Xu, J.; Ma, C. A novel weighted average index method of interval valued intuitionistic fuzzy sets and its application to outsourced software project risk assessment. In International Conference on Oriental Thinking and Fuzzy Logic; Springer: Berlin, Germany, 2016; Volume 443, pp. 259–271. [Google Scholar]

	



Wang, L.E.; Liu, H.C.; Quan, M.Y. Evaluating the risk of failure modes with a hybrid MCDM model under interval-valued intuitionistic fuzzy environments. Comput. Ind. Eng. 2016, 102, 175–185. [Google Scholar] [CrossRef]

	



Torra, V.; Narukawa, Y. On hesitant fuzzy sets and decision. In Proceedings of the 2009 IEEE International Conference on Fuzzy Systems, Jeju Island, Korea, 20–24 August 2009; pp. 1378–1382. [Google Scholar]

	



Chen, N.; Xu, Z.S. Hesitant fuzzy ELECTRE II approach: A new way to handle multi-criteria decision making problems. Inf. Sci. 2015, 292, 175–197. [Google Scholar] [CrossRef]

	



Xu, Y.; Cabrerizo, F.J.; Herrera-Viedma, E. A consensus model for hesitant fuzzy preference relations and its application in water allocation management. Appl. Soft Comput. 2017, 58, 265–284. [Google Scholar] [CrossRef]

	



Zhang, N.; Wei, G.W. Extension of vikor method for decision making problem based on hesitant fuzzy set. Appl. Math. Model. 2013, 37, 4938–4947. [Google Scholar] [CrossRef]

	



Johnson, K.G.; Khan, M.K. A study into the use of the process failure mode and effects analysis (PFMEA) in the automotive industry in the UK. J. Mater. Process. Technol. 2003, 139, 348–356. [Google Scholar] [CrossRef]

	



Geum, Y.; Cho, Y.; Park, Y. A systematic approach for diagnosing service failure: Service-specific FMEA and grey relational analysis approach. Math. Comput. Model. 2011, 54, 3126–3142. [Google Scholar] [CrossRef]

	



Stamatis, D.H. Failure Mode and Effect Analysis: FMEA from Theory to Execution; ASQ Quality Press: Milwaukee, WI, USA, 2003. [Google Scholar]

	



Liu, H.C.; You, J.X.; Li, P.; Su, Q. Failure mode and effect analysis under uncertainty: An integrated multiple criteria decision making approach. IEEE Trans. Reliab. 2016, 65, 1380–1392. [Google Scholar] [CrossRef]

	



Valipour, A.; Yahaya, N.; Md Noor, N.; Antuchevičienė, J.; Tamošaitienė, J. Hybrid swara-copras method for risk assessment in deep foundation excavation project: An Iranian case study. J. Civ. Eng. Manag. 2017, 23, 524–532. [Google Scholar] [CrossRef]

	



Ravi Sankar, N.; Prabhu, B.S. Modified approach for prioritization of failures in a system failure mode and effects analysis. Int. J. Qual. Reliab. Manag. 2001, 18, 324–336. [Google Scholar] [CrossRef]

	



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. [Google Scholar] [CrossRef]

	



Liu, H.C.; Chen, X.Q.; Duan, C.Y.; Wang, Y.M. Failure mode and effect analysis using multi-criteria decision making methods: A systematic literature review. Comput. Ind. Eng. 2019, 135, 881–897. [Google Scholar] [CrossRef]

	



Chatterjee, K.; Zavadskas, E.K.; Tamošaitienė, J.; Adhikary, K.; Kar, S. A hybrid MCDM technique for risk management in construction projects. Symmetry 2018, 10, 46. [Google Scholar] [CrossRef]

	



Huang, J.; Li, Z.J.; 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. [Google Scholar] [CrossRef]

	



Braglia, M. MAFMA: Multi-attribute failure mode analysis. Int. J. Qual. Reliab. Manag. 2000, 17, 1017–1033. [Google Scholar] [CrossRef]

	



Kutlu, A.C.; Ekmekcioglu, M. Fuzzy failure modes and effects analysis by using fuzzy TOPSIS-based fuzzy AHP. Expert Syst. Appl. 2012, 39, 61–67. [Google Scholar] [CrossRef]

	



Seyed-Hosseini, S.M.; Safaei, N.; Asgharpour, M.J. Reprioritization of failures in a system failure mode and effects analysis by decision making trial and evaluation laboratory technique. Reliab. Eng. Syst. Saf. 2006, 91, 872–881. [Google Scholar] [CrossRef]

	



Bowles, J.B.; Pelaez, C.E. Fuzzy-logic prioritization of failures in a system failure mode, effects and criticality analysis. Reliab. Eng. Syst. Saf. 1995, 50, 203–213. [Google Scholar] [CrossRef]

	



Ko, W.C. Exploiting 2-tuple linguistic representational model for constructing HOQ-based failure modes and effects analysis. Comput. Ind. Eng. 2013, 64, 858–865. [Google Scholar] [CrossRef]

	



Liu, H.C.; You, J.X.; Fan, X.J.; Lin, Q.L. Failure mode and effects analysis using D numbers and grey relational projection method. Expert Syst. Appl. 2014, 41, 4670–4679. [Google Scholar] [CrossRef]

	



Liu, H.C.; Wang, L.E.; You, X.Y.; Wu, S.M. Failure mode and effect analysis with extended grey relational analysis method in cloud setting. Total Qual. Manag. Bus. Excell. 2017, 745–767. [Google Scholar] [CrossRef]

	



Tsai, S.B.; Zhou, J.; Gao, Y.; Wang, J.; Li, G.; Zheng, Y.; Ren, P.; Xu, W. Combining fmea with dematel models to solve production process problems. PLoS ONE 2017, 12, e0183634. [Google Scholar] [CrossRef]

	



Fattahi, R.; Khalilzadeh, M. Risk evaluation using a novel hybrid method based on fmea, extended multimoora, and AHP methods under fuzzy environment. Saf. Sci. 2018, 102, 290–300. [Google Scholar] [CrossRef]

	



Yousefi, S.; Alizadeh, A.; Hayati, J.; Baghery, M. HSE risk prioritization using robust DEA-FMEA approach with undesirable outputs: A study of automotive parts industry in Iran. Saf. Sci. 2018, 102, 144–158. [Google Scholar] [CrossRef]

	



Bian, T.; Zheng, H.; Yin, L.; Deng, Y. Failure mode and effects analysis based on D numbers and topsis. Qual. Reliab. Eng. Int. 2018, 34, 501–515. [Google Scholar] [CrossRef]

	



Geramian, A.; Abraham, A.; Ahmadi Nozari, M. Fuzzy logic-based FMEA robust design: A quantitative approach for robustness against groupthink in group/team decision-making. Int. J. Prod. Res. 2019, 57, 1331–1344. [Google Scholar] [CrossRef]

	



Braglia, M.; Frosolini, M.; Montanari, R. Fuzzy criticality assessment model for failure modes and effects analysis. Int. J. Qual. Reliab. Manag. 2003, 20, 503–524. [Google Scholar] [CrossRef]

	



Chang, D.S.; Paul Sun, K.-L. Applying DEA to enhance assessment capability of fmea. Int. J. Qual. Reliab. Manag. 2009, 26, 629–643. [Google Scholar] [CrossRef]

	



Birjandi, A.K.; Akhyani, F.; Sheikh, R.; Sana, S.S. Evaluation and selecting the contractor in bidding with incomplete information using MCGDM method. Soft Comput. 2019, 23, 10569–10585. [Google Scholar] [CrossRef]

	



Yu, D.J. Hesitant fuzzy multi-criteria decision making methods based on heronian mean. Technol. Econ. Dev. Econ. 2017, 23, 296–315. [Google Scholar] [CrossRef]

	



Torra, V. Hesitant Fuzzy Sets. Int. J. Intell. Syst. 2010, 25, 529–539. [Google Scholar] [CrossRef]

	



Sellak, H.; Ouhbi, B.; Frikh, B. A knowledge-based outranking approach for multi-criteria decision-making with hesitant fuzzy linguistic term sets. Appl. Soft Comput. 2018, 67, 625–640. [Google Scholar] [CrossRef]

	



Zhang, W.K.; Ju, Y.B.; Liu, X.Y. Multiple criteria decision analysis based on shapley fuzzy measures and interval-valued hesitant fuzzy linguistic numbers. Comput. Ind. Eng. 2017, 105, 28–38. [Google Scholar] [CrossRef]

	



Xia, M.M.; Xu, Z.S.; Zhu, B. Geometric Bonferroni means with their application in multi-criteria decision making. Knowl. Based Syst. 2013, 40, 88–100. [Google Scholar] [CrossRef]

	



Wang, J.; Wang, J.Q.; Zhang, H.Y. A likelihood-based TODIM approach based on multi-hesitant fuzzy linguistic information for evaluation in logistics outsourcing. Comput. Ind. Eng. 2016, 99, 287–299. [Google Scholar] [CrossRef]

	



Peng, J.J.; Wang, J.Q.; Wu, X.H.; Zhang, H.Y.; Chen, X.H. The fuzzy cross-entropy for intuitionistic hesitant fuzzy sets and their application in multi-criteria decision-making. Int. J. Syst. Sci. 2015, 46, 2335–2350. [Google Scholar] [CrossRef]

	



Wu, S.M.; Liu, H.C.; Wang, L.E. Hesitant fuzzy integrated MCDM approach for quality function deployment: A case study in electric vehicle. Int. J. Prod. Res. 2017, 55, 4436–4449. [Google Scholar] [CrossRef]

	



Keršulienė, V.; Turskis, Z. Integrated fuzzy multiple criteria decision making model for architect selection. Technol. Econ. Dev. Econ. 2011, 17, 645–666. [Google Scholar] [CrossRef]

	



Keršuliene, V.; Zavadskas, E.K.; Turskis, Z. Selection of rational dispute resolution method by applying new step-wise weight assessment ratio analysis (SWARA). J. Bus. Econ. Manag. 2010, 11, 243–258. [Google Scholar] [CrossRef]

	



Hashemkhani Zolfani, S.; Saparauskas, J. New application of SWARA method in prioritizing sustainability assessment indicators of energy system. Eng. Econ. 2013, 24, 408–414. [Google Scholar]

	



Hashemkhani Zolfani, S.; Yazdani, M.; Zavadskas, E.K. An extended stepwise weight assessment ratio analysis (SWARA) method for improving criteria prioritization process. Soft Comput. 2018, 1–7. [Google Scholar] [CrossRef]

	



Aghdaie, M.H.; Hashemkhani Zolfani, S.; Zavadskas, E.K. Decision making in machine tool selection: An integrated approach with SWARA and COPRAS-G methods. Eng. Econ. 2013, 24, 5–17. [Google Scholar]

	



Hashemkhani Zolfani, S.; Esfahani, M.H.; Bitarafan, M.; Zavadskas, E.K.; Arefi, S.L. Developing a new hybrid MCDM method for selection of the optimal alternative of mechanical longitudinal ventilation of tunnel pollutants during automobile accidents. Transport 2013, 28, 89–96. [Google Scholar] [CrossRef]

	



Heidary Dahooie, J.; Beheshti Jazan Abadi, E.; Vanaki, A.S.; Firoozfar, H.R. Competency-based IT personnel selection using a hybrid SWARA and ARAS-G methodology. Hum. Factors Ergon. Manuf. Serv. Ind. 2018, 28, 5–16. [Google Scholar] [CrossRef]

	



Yu, D.J. Intuitionistic fuzzy geometric Heronian mean aggregation operators. Appl. Soft Comput. 2013, 13, 1235–1246. [Google Scholar] [CrossRef]

	



Zhu, B.; Xu, Z.S. Hesitant fuzzy Bonferroni means for multi-criteria decision making. J. Oper. Res. Soc. 2013, 64, 1831–1840. [Google Scholar] [CrossRef]

	



Zhu, B.; Xu, Z.S.; Xia, M.M. Hesitant fuzzy geometric bonferroni means. Inf. Sci. 2012, 205, 72–85. [Google Scholar] [CrossRef]

	



Yu, D.; Wu, Y. Interval-valued intuitionistic fuzzy Heronian mean operators and their application in multi-criteria decision making. Afr. J. Bus. Manag. 2012, 6, 4158. [Google Scholar] [CrossRef]








[image: Ijerph 17 01442 g001 550] 





Figure 1. Framework of the proposed FMEA. 
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Figure 2. Scores of nine alternatives (q ∈ (0,10]; p = 1, p = 10). 
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Figure 3. Scores of nine alternatives (p ∈ (0,10]; q = 1, q = 10). 
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Figure 4. Scores obtained by the HFWHM operator (p ∈ [0,10], q ∈ [0,10]). 
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Figure 5. The results of comparison analysis. 
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Table 1. Hesitant fuzzy decision matrix.
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	Failure Mode/Risk Factor
	     C 1     ( O )     
	     C 2    ( S )    
	     C 3   ( D )     





	   F  M 1    
	    h  11     
	    h  12     
	    h  13     



	   F  M 2    
	    h  21     
	    h  22     
	    h  23     



	….
	…
	…
	…



	   F  M m    
	    h  m 1     
	    h  m 2     
	    h  m 3     
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Table 2. Potential failure modes (Occupational hazards in the construction industry).
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	Symbol
	Failure Mode





	FM1
	Fall from height



	FM2
	Falling objects



	FM3
	Collision with objects



	FM4
	Explosions and fires



	FM5
	Electrocution



	FM6
	Structure collapse



	FM7
	Poisoning



	FM8
	Hyperthermia and frostbite



	FM9
	Sound pollution
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Table 3. Results of SWARA method in weighting assessment by FMEA team member 1.






Table 3. Results of SWARA method in weighting assessment by FMEA team member 1.





	Criterion
	Comparative Importance of

   Average   Value   (  S j  )   
	Coefficient

    k j  =  S j  + 1   
	Recalculated Weight

    w j  =    w  j − 1      K j      
	Weight

    q j  =    w j     ∑   w j      





	Severity
	1
	1
	1
	0.403144



	Detection
	0.110447
	1.110447
	0.900538
	0.363046



	Occurrence
	0.552744
	1.552744
	0.579965
	0.23381
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Table 4. Final weights of risk factors.






Table 4. Final weights of risk factors.





	FMEA Team Members
	O
	S
	D





	Member 1
	0.616856
	0.31167
	0.071474



	Member 2
	0.232433
	0.401204
	0.366363



	Member 3
	0.522071
	0.402611
	0.075318



	Member 4
	0.274603
	0.332734
	0.392663



	Geometric mean
	0.379
	0.360
	0.167



	Normalized weight (final)
	0.418
	0.397
	0.184
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Table 5. Linguistic variables.






Table 5. Linguistic variables.





	Linguistic Variable
	Symbol
	Value





	Very High
	VH
	1



	High
	H
	0.9



	Medium High
	MH
	0.7



	Medium
	M
	0.5



	Medium Low
	ML
	0.3



	Low
	L
	0.1



	Very Low
	VL
	0
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Table 6. Initial decision matrix (by each expert’s opinion).






Table 6. Initial decision matrix (by each expert’s opinion).





	
Failure Modes

	
Expert 1

	
Expert 2

	
Expert 3

	
Expert 4




	
O

	
S

	
D

	
O

	
S

	
D

	
O

	
S

	
D

	
O

	
S

	
D






	
FM1

	
MH

	
VH

	
H

	
L

	
H

	
H

	
MH

	
H

	
H

	
L

	
MH

	
H




	
FM2

	
H

	
MH

	
VL

	
H

	
MH

	
MH

	
H

	
MH

	
H

	
H

	
M

	
MH




	
FM3

	
VL

	
M

	
L

	
MH

	
M

	
MH

	
M

	
M

	
MH

	
M

	
M

	
M




	
FM4

	
ML

	
VH

	
M

	
L

	
VH

	
M

	
M

	
VH

	
H

	
L

	
VH

	
M




	
FM5

	
ML

	
H

	
H

	
ML

	
VH

	
H

	
ML

	
VH

	
H

	
ML

	
VH

	
H




	
FM6

	
VL

	
H

	
H

	
VL

	
H

	
M

	
M

	
M

	
VH

	
VL

	
H

	
M




	
FM7

	
L

	
H

	
M

	
L

	
H

	
VH

	
ML

	
M

	
MH

	
L

	
H

	
VH




	
FM8

	
L

	
M

	
M

	
MH

	
ML

	
H

	
ML

	
M

	
H

	
MH

	
ML

	
M




	
FM9

	
H

	
L

	
M

	
M

	
M

	
H

	
M

	
ML

	
H

	
L

	
VL

	
M
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Table 7. Hesitant fuzzy decision matrix (linguistic variables form).






Table 7. Hesitant fuzzy decision matrix (linguistic variables form).





	Failure Modes
	O
	S
	D





	FM1
	{MH, L}
	{VH, MH}
	{H}



	FM2
	{H}
	{MH, M}
	{VL, MH, H}



	FM3
	{VL, MH, M}
	{M}
	{L, MH, M}



	FM4
	{ML, L, M}
	{VH}
	{M, H}



	FM5
	{ML}
	{H, VH}
	{H}



	FM6
	{M, VL}
	{M, H}
	{H, M, VH}



	FM7
	{ML, L}
	{M, H}
	{M, VH, MH}



	FM8
	{L, MH, ML}
	{M, ML}
	{H, M}



	FM9
	{H, M, L}
	{L, M, ML, VL}
	{M, H}
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Table 8. Hesitant fuzzy decision matrix (numeric form).






Table 8. Hesitant fuzzy decision matrix (numeric form).





	Failure Modes
	O
	S
	D





	FM1
	{0.7,0.1}
	{1,0.7}
	{0.9}



	FM2
	{0.9}
	{0.7, 0.5}
	{0, 0.7, 0.9}



	FM3
	{0,0.7, 0.5}
	{0.5}
	{0.1, 0.7, 0.5}



	FM4
	{0.3, 0.1,0.5}
	{1}
	{0.5, 0.9}



	FM5
	{0.3}
	{0.9, 1}
	{0.9}



	FM6
	{0.5, 0}
	{0.5, 0.9}
	{0.9, 0.5, 1}



	FM7
	{0.3, 0.1}
	{0.5, 0.9}
	{0.5, 1,0.7}



	FM8
	{0.1, 0.7, 0.3}
	{0.5,0.3}
	{0.9, 0.5}



	FM9
	{0.9, 0.5, 0.1}
	{0.1, 0.5, 0.3, 0}
	{0.5, 0.9}
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Table 9. Normalized hesitant fuzzy decision matrix.






Table 9. Normalized hesitant fuzzy decision matrix.





	Failure Modes
	O
	S
	D





	FM1
	{0.7,0.1}
	{1,0.7}
	{0.}



	FM2
	{0.9}
	{0.7, 0.5}
	{1, 0.3, 0.1}



	FM3
	{0,0.7, 0.5}
	{0.5}
	{0.9, 0.3, 0.5}



	FM4
	{0.3, 0.1,0.5}
	{1}
	{0.5, 0.1}



	FM5
	{0.3}
	{0.9, 1}
	{0.1}



	FM6
	{0.5, 0}
	{0.5, 0.9}
	{0.1, 0.5, 0}



	FM7
	{0.3, 0.1}
	{0.5, 0.9}
	{0.5, 0,0.3}



	FM8
	{0.1, 0.7, 0.3}
	{0.5,0.3}
	{0.1, 0.5}



	FM9
	{0.9, 0.5, 0.1}
	{0.1, 0.5, 0.3, 0}
	{0.5, 0.1}
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Table 10. Performance score and rank of each failure mode for p = q = 1.






Table 10. Performance score and rank of each failure mode for p = q = 1.





	Failure Modes
	FM1
	FM2
	FM3
	FM4
	FM5
	FM6
	FM7
	FM8
	FM9





	Score
	0.7148
	0.8532
	0.6160
	0.7534
	0.7291
	0.4466
	0.6277
	0.6797
	0.5542



	Rank
	4
	1
	7
	2
	3
	9
	6
	5
	8










[image: Table] 





Table 11. Performance score and rank of each failure mode for different values of p and q.






Table 11. Performance score and rank of each failure mode for different values of p and q.





	
Failure Modes

	
p = 0, q = 1

	
p = q= 1

	
p = q = 5

	
p = 0, q = 10

	
p = 10, q = 0




	
Score

	
Rank

	
Score

	
Rank

	
Score

	
Rank

	
Score

	
Rank

	
Score

	
Rank






	
FM1

	
0.723122

	
4

	
0.714843

	
4

	
0.594653

	
5

	
0.579211

	
5

	
0.566349

	
5




	
FM2

	
0.834288

	
1

	
0.853205

	
1

	
0.787039

	
1

	
0.768274

	
1

	
0.783073

	
1




	
FM3

	
0.661109

	
7

	
0.615983

	
7

	
0.547139

	
6

	
0.544187

	
6

	
0.51993

	
6




	
FM4

	
0.792478

	
2

	
0.753417

	
2

	
0.629211

	
3

	
0.624975

	
3

	
0.596291

	
3




	
FM5

	
0.73924

	
3

	
0.729124

	
3

	
0.649512

	
2

	
0.648942

	
2

	
0.627991

	
2




	
FM6

	
0.491569

	
9

	
0.446554

	
9

	
0.363921

	
9

	
0.358481

	
9

	
0.334404

	
9




	
FM7

	
0.68462

	
6

	
0.627684

	
6

	
0.51142

	
7

	
0.512346

	
7

	
0.468757

	
7




	
FM8

	
0.705247

	
5

	
0.679666

	
5

	
0.611169

	
4

	
0.606705

	
4

	
0.582494

	
4




	
FM9

	
0.541866

	
8

	
0.554239

	
8

	
0.454828

	
8

	
0.433807

	
8

	
0.423873

	
8
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Table 12. Results comparison.






Table 12. Results comparison.





	

	
Traditional FMEA

	
Ranking Using MCDM Method Based on Different Operators of Hesitant Fuzzy Numbers for Different Values of p and q




	
p = q = 1

	
p = q = 5

	
p = 0, q = 10

	
p = 10, q = 0




	
RPN

	
Rank

	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM

	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM

	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM

	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM






	
FM1

	
245

	
1

	
4

	
4

	
4

	
4

	
4

	
4

	
3

	
5

	
5

	
4

	
3

	
5

	
5

	
4

	
3

	
5




	
FM2

	
210

	
3

	
1

	
3

	
3

	
1

	
1

	
3

	
1

	
1

	
1

	
3

	
4

	
1

	
1

	
3

	
4

	
1




	
FM3

	
126

	
7

	
7

	
6

	
7

	
7

	
7

	
8

	
5

	
4

	
6

	
8

	
8

	
7

	
6

	
8

	
8

	
7




	
FM4

	
192

	
4

	
2

	
1

	
1

	
2

	
2

	
1

	
2

	
2

	
3

	
1

	
1

	
3

	
3

	
1

	
1

	
3




	
FM5

	
224

	
2

	
3

	
2

	
2

	
3

	
3

	
2

	
4

	
3

	
2

	
2

	
2

	
2

	
2

	
2

	
2

	
2




	
FM6

	
126

	
7

	
9

	
5

	
5

	
9

	
9

	
5

	
6

	
9

	
9

	
5

	
5

	
9

	
9

	
5

	
5

	
9




	
FM7

	
147

	
6

	
6

	
7

	
6

	
5

	
6

	
6

	
8

	
8

	
7

	
6

	
6

	
6

	
7

	
6

	
6

	
6




	
FM8

	
150

	
5

	
5

	
9

	
9

	
6

	
5

	
9

	
9

	
6

	
4

	
9

	
9

	
4

	
4

	
9

	
9

	
4




	
FM9

	
120

	
8

	
8

	
8

	
8

	
8

	
8

	
7

	
7

	
7

	
8

	
7

	
7

	
8

	
8

	
7

	
7

	
8
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Table 13. The correlation coefficients of the ranking resulted from different hesitant fuzzy operators.






Table 13. The correlation coefficients of the ranking resulted from different hesitant fuzzy operators.





	

	
p = q = 1

	

	
p = q = 5




	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM

	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM




	
HFWGHM

	
1.00

	
0.67

	
0.68

	
0.98

	
HFWGHM

	
1.00

	
0.67

	
0.70

	
0.87




	
HFWHM

	

	
1.00

	
0.98

	
0.70

	
HFWHM

	

	
1.00

	
0.80

	
0.57




	
HFWBM

	

	

	
1.00

	
0.73

	
HFWBM

	

	

	
1.00

	
0.80




	
HFWGBM

	

	

	

	
1.00

	
HFWGBM

	

	

	

	
1.00




	

	
p = 0 and q = 10

	

	
p = 10 and q = 0




	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM

	
HFWGHM

	
HFWHM

	
HFWBM

	
HFWGBM




	
HFWGHM

	
1.00

	
0.53

	
0.47

	
0.98

	
HFWGHM

	
1.00

	
0.53

	
0.47

	
0.98




	
HFWHM

	

	
1.00

	
0.98

	
0.57

	
HFWHM

	

	
1.00

	
0.98

	
0.57




	
HFWBM

	

	

	
1.00

	
0.50

	
HFWBM

	

	

	
1.00

	
0.50




	
HFWGBM

	

	

	

	
1.00

	
HFWGBM

	

	

	

	
1.00
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