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Abstract 

Forging represents a very important process in the metal processing industry, for which 
risk analysis and continuous improvement activities are required in order to satisfy cus-
tomer requirements regarding product quality and mechanical properties. In practice, 
Process Failure Mode and Effects Analysis (PFMEA) is used for risk identification and 
assessment. However, since this analysis provides only recommended process improve-
ment measures as an output, without prioritizing them according to technical, economic, 
and operational aspects, this study develops a Multi-Criteria Decision-Making (MCDM) 
approach based on the integration of the Analytic Hierarchy Process (AHP) and the 
Square-Root-Based Evaluation Method (SREM), extended through the application of In-
terval-Valued Pythagorean Fuzzy Numbers (IVPFNs) to model uncertainty in the assess-
ments of the expert team. In this way, a decision-making framework was developed that 
enables the prioritization of process improvement measures identified through PFMEA 
in an exact and mathematically based manner. The proposed approach was tested 
through a case study conducted in a company primarily engaged in the production of 
forgings as a supplier to various industrial sectors. A total of six process improvement 
measures were considered and evaluated with respect to seven technical, economic, and 
operational criteria. The results of the study clearly demonstrated that the additional die-
leading measure ranked first and represented the most stable solution, maintaining its 
leading position regardless of the changes introduced through the sensitivity analysis. 
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1. Introduction 
Forging represents one of the oldest and most widely used metal processing technol-

ogies and remains one of the indispensable manufacturing processes in modern industry. 
The fundamental characteristic of forging is its ability to produce components with neg-
ligible material loss. Today, forging is widely applied in numerous high-precision indus-
trial sectors, including the automotive, aerospace, and other manufacturing industries 
[1,2]. However, although modern forging processes rely on reliable and specially de-
signed equipment, various process-related problems still occur. In fact, certain aspects of 
the forging process are particularly difficult to control due to the extreme operating 
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conditions under which forging is performed. The most common problems include crack 
formation, die misalignment, incomplete die-cavity filling, tool wear, and similar defects 
[1,3–7]. 

Previous studies have shown that abrasive wear causes dimensional changes in up 
to 70% of forging dies. Moreover, tooling costs account for approximately 8% to 40% of 
total production costs in such manufacturing facilities [3]. Consequently, there is a need 
for continuous and systematic improvement of forging processes in order to reduce wait-
ing times, production downtime, and the occurrence of defective products [1,3]. In fact, 
the optimization of complex manufacturing processes and the elimination of waste have 
been extensively addressed in the relevant literature [8]. Considering that no company, 
regardless of its financial stability, possesses unlimited resources, the prioritization of pro-
cess improvement measures represents an important managerial task. Its objective is to 
align investments with those measures that provide the greatest overall benefit to the 
manufacturing process [9–11]. 

The most commonly used tool for identifying process improvement measures in 
practice is Process Failure Mode and Effects Analysis (PFMEA). It represents a standard-
ized and widely accepted methodology in the automotive industry, where its application 
is prescribed by industry standard [12], as well as in other industries, particularly those 
requiring a high level of precision. PFMEA is based on the evaluation of three risk factors: 
the severity (S) of the consequence, the occurrence (O) of the failure, and the detection (D) 
capability [13–16]. In the traditional Failure Mode and Effects Analysis (FMEA) approach, 
as well as in its process-oriented variant (PFMEA), risk prioritization is performed using 
the Risk Priority Number (RPN), which is calculated as the product of these three risk 
factors [16,17]. 

Although PFMEA generates process improvement measures for the most critical 
risks, the conventional methodology has been subject to various criticisms [14,15]. The 
primary concern relates to the mechanism used to determine the risk level. Many authors 
argue that simply multiplying the values of the three risk factors cannot adequately rep-
resent the actual level of risk because the three risk factors rarely exhibit the same level of 
importance in real-world applications, despite this assumption being embedded in the 
traditional approach [14,15,17]. To address this limitation, the Action Priority (AP) ap-
proach was introduced [18]. However, even this improved framework does not provide a 
mechanism that would enable experts to evaluate the cost-effectiveness and overall effi-
ciency of the proposed improvement measures [12]. 

Therefore, it can be concluded that PFMEA is a suitable tool for risk prioritization, 
on the basis of which process improvement measures are identified and proposed. How-
ever, in practice, decisions regarding their implementation depend on numerous factors. 
In a Multi-Criteria Decision-Making (MCDM) problem, such factors are referred to as cri-
teria and may be either mutually dependent or conflicting in nature [19–22]. Conse-
quently, MCDM approaches are particularly suitable for the systematic resolution of such 
engineering problems, where a balance must be achieved among technical, economic, and 
operational considerations [21,23,24], as demonstrated by previous studies that have con-
firmed the applicability of MCDM approaches to problems involving conflicting criteria 
[25,26]. 

The relevant literature has already demonstrated that FMEA can be effectively inte-
grated with MCDM approaches [9,12,20,27,28], thereby significantly increasing the objec-
tivity of the decision-making process in industrial environments. However, the applica-
tion of MCDM methods is often based on expert assessments, which are difficult to ex-
press using precise numerical values [10,29,30]. To address this issue, fuzzy set theory was 
developed [31], enabling the modeling of uncertain and imprecise information. Over time, 
this concept evolved into several distinct theoretical directions [30,32–36]. One of the most 
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widely recognized approaches for modeling uncertainty is represented by intuitionistic 
fuzzy sets (IFSs) [37,38]. Unlike classical fuzzy sets, IFSs are characterized by both a degree 
of membership and a degree of non-membership, whose sum cannot exceed the value of 
one [32,39,40]. 

Further development of this concept led to the introduction of Pythagorean fuzzy 
sets (PFSs) [41,42], in which this restriction was slightly relaxed by allowing the sum of 
the squares of the membership and non-membership degrees to be less than or equal to 
one. In this way, a broader space for modeling uncertainty was created. 

In this study, Interval-Valued Pythagorean Fuzzy Numbers (IVPFNs) were em-
ployed, as they represent one of the most advanced approaches for modeling uncertainty, 
allowing membership and non-membership degrees to be defined as intervals rather than 
fixed values [29,43,44]. In other words, IVPFNs provide greater flexibility in representing 
uncertainty compared to IFSs and PFSs, which can be particularly important in problems 
related to risk assessment and reliability in industrial environments [15,45]. 

The objective of this paper is to determine the priority of process improvement 
measures, previously identified through PFMEA, in a mathematically based and exact 
manner. The aim is to consider, in addition to the qualitative aspect that is an integral part 
of PFMEA, several other aspects, such as technical, economic, and operational ones. 
Therefore, the evaluation criteria were defined in such a way as to satisfy the aforemen-
tioned aspects. 

The Analytic Hierarchy Process (AHP) method was used to determine the criteria 
weights, as it has been very frequently applied in the literature [19,43]. As previously 
stated, IVPFNs were employed to model uncertainty in the considered problem, and their 
application represents a well-known and reliable extension of the AHP method (IPF-AHP) 
[10,33,43]. Unlike conventional AHP and fuzzy AHP, which are based on classical (trian-
gular) fuzzy numbers, IPF-AHP enables experts to express their judgments through mem-
bership and non-membership degrees represented as intervals [13,43]. In this way, greater 
flexibility is achieved in modeling uncertainty and imprecision [46]. 

For ranking the identified process improvement measures, which in this case repre-
sent the alternatives, the Square-Root-Based Evaluation Method (SREM) [9] was em-
ployed. The method is relatively new and has so far been applied only to the problem of 
evaluating and ranking industrial presses, taking into account their operational perfor-
mance. In the original study, through comparison with other MCDM approaches, it 
proved to be a very stable and reliable method. 

In addition, its advantage lies in its mechanism that enables decision-makers to 
change the decision-making perspective through the application of square and root trans-
formations. Such an approach can give preference to alternatives that have extremely high 
values with respect to certain (particularly important) criteria, while on the other hand it 
can favor those alternatives that are stable with respect to a larger number of criteria. The 
method even allows fine adjustment through the transformation parameter α and the ex-
amination of the obtained solution from multiple perspectives. 

In this study, the original SREM was employed, with the exception that linguistic 
expressions modeled by IVPFNs were used to evaluate the performance of the alternatives 
with respect to qualitative criteria. Subsequently, the experts’ assessments were aggre-
gated according to the fuzzy algebra rules and defuzzified into a single crisp value. 

An analysis of the available relevant literature revealed several research gaps that are 
addressed by this study: (1) the integration of AHP and SREM within an IVPFN environ-
ment is performed for the first time; (2) no studies were identified in which the authors 
considered the problem of prioritizing process improvement measures identified through 
PFMEA in a forging process; and (3) the SREM is applied for the first time to solve this 
type of problem. 
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The main scientific contributions of the study can be summarized as follows: (1) the 
development of an IPF-AHP-based SREM decision-making framework; (2) the integration 
of IVPFNs with the aim of reducing subjectivity in industrial decision-making; and (3) the 
implementation of a sensitivity analysis through testing different values of the α transfor-
mation parameter and examining the influence of criteria weights defined by different 
experts. The main practical contributions of the study are: (1) the enhancement of PFMEA 
through the prioritization of process improvement measures generated as a result of its 
implementation; and (2) the execution of a real-world case study in an industrial environ-
ment. 

The remainder of the paper is organized as follows. Section 2 presents the literature 
review. The methodology, including the problem description and the proposed mathe-
matical model, is presented in Section 3. Section 4 presents the case study conducted in a 
manufacturing facility located in Central Serbia. The analysis and discussion of the ob-
tained results are provided in Section 5. Finally, the conclusions of the study are presented 
in Section 6. 

2. Literature Review 
FMEA has been widely used as a tool for process and system optimization and im-

provement. In study [27], the authors modified the method and applied it for risk assess-
ment in the operation of a turbine and alternator unit. In the automotive industry domain, 
PFMEA was used as a basis for identifying critical phases in automotive component man-
ufacturing [12]. Furthermore, in the domain of forging processes in the automotive indus-
try, the authors in [47] extended FMEA through the use of Pareto analysis and the 8D 
methodology. 

In the relevant literature, various extensions of the conventional AHP approach have 
been proposed through the application of different methods for modeling uncertainty in 
pair-wise comparisons. The AHP method has been extended by applying fuzzy, hesitant 
fuzzy, and intuitionistic fuzzy approaches [48–50]. In this study, the IPF-AHP approach 
was employed, which is almost standardized in the relevant literature [10,33,43,44,51], 
since the algebra of IVPFNs itself does not provide much room for modifications and 
methodological variations. Such an approach was employed in this study as well, with 
the only modifications being related to the number of criteria considered and the number 
of experts participating in the research. 

FMEA is frequently integrated with various MCDM approaches in order to overcome 
the limitations of the conventional methodology (see [21,52–55]). In this study, the objec-
tive is to enhance PFMEA through the application of an MCDM approach in order to de-
termine the priority of process improvement measures generated as a result of the PFMEA 
conducted for the forging process in the considered manufacturing facility. 

To the best of the authors’ knowledge, such a problem has not been addressed in the 
literature so far. In addition, there are very few approaches that combine IVPFNs, AHP, 
and FMEA in general. In study [51], the authors employed IPF-AHP to determine the 
weights of the risk factors S, O, and D. Furthermore, when determining the composition 
of a PFMEA team, the authors in [56] used IVPFNs to model the uncertainty and impreci-
sion existing in the considered problem. 

Based on the review of the existing approaches, it can be clearly concluded that no 
methodology for prioritizing process improvement measures based on the proposed 
framework currently exists. In addition, this study employs the SREM, which represents 
a relatively new approach and has not yet been widely utilized. Collectively, these aspects 
constitute both the motivation for conducting this research and the scientific contribution 
arising from it. 
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3. Methodology 
This section presents a description of the considered MCDM problem, including the 

sets of criteria used and the alternatives evaluated based on them. The basic characteristics 
and mathematical operations of IVPFNs are provided, as well as the approach used to 
model the linguistic expressions employed by the experts in this study to express their 
assessments. Figure 1 presents the research framework developed for the purposes of this 
study. 

 

Figure 1. Research framework. 

In the remainder of this section, the presented research framework is explained in 
detail. In addition to the description, the mathematical formulation of the decision-mak-
ing problem is also provided. 

3.1. Problem Formulation 

This section presents the fundamentals of the considered decision-making problem. 
The following subsections provide a description of the considered alternatives and crite-
ria, introduce the panel of experts involved in the study, and present the basic mathemat-
ical operations and formulation of the employed IVPFNs. 

3.1.1. Definition of the Decision Alternatives 

In this study, the alternatives represent the measures most frequently employed for 
process improvement in the considered forging production facility. The most significant 
measures were identified based on the company’s PFMEA report, which cannot be pre-
sented in this paper due to data confidentiality constraints. 

As previously stated, the objective of the study is to determine the implementation 
priority of process improvement measures identified through the PFMEA. In this context, 
these measures can be formally regarded as alternatives and represented by the index set, 𝑖, where 𝑖 ൌ 1, … , 𝐼. 
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The alternatives considered in this study are defined as follows: 

• Additional die leading (𝑖 = 1) refers to additional die-leading elements that facilitate 
more accurate alignment of the upper and lower die halves during forging opera-
tions. This measure is implemented in the tool shop together with a solution designed 
and specified by the process engineering department. 

• Computer Numerical Control (CNC) of the cavity and gutter (𝑖 = 2) is the machining 
of die cavities and flash gutters by means of CNC processing and it provides higher 
precision compared to conventional manufacturing methods. This procedure is car-
ried out by the tool shop using CNC machines, resulting in improved cavity filling 
and a reduced risk of defects in the final product. The CNC machining program is 
provided by the process engineering department. 

• Special construction of the first operation (𝑖 = 3) is a special design intended for the 
first forging operation and is used to improve material flow in the subsequent stages 
of production. This measure is implemented by the tool shop using a solution devel-
oped and specified by the process engineering department. The effects achieved are 
a more uniform material distribution as well as a reduced likelihood of defect occur-
rence. 

• Double die leading (𝑖 = 4) in a double-die-leading system is an approach that pro-
vides greater stability during press operation. This system is particularly used for 
complex forgings, enabling higher process accuracy and a longer die service life. 

• Integral die leading (𝑖 = 5) is a solution in which the guiding elements are perma-
nently integrated into the die design. The effect of this solution is a reduction in mis-
alignment between the die halves, which significantly contributes to improving the 
reliability of the forging process. 

• Parts pressing in the trimming operation (𝑖 = 6) is carried out in production using 
appropriate tools designed for flash trimming, resulting in reduced deformations 
and improved removal of flash remaining after forging, thereby improving the qual-
ity of the final product. 

3.1.2. Definition of the Evaluation Criteria 

The defined process improvement measures are evaluated and ranked based on a 
total of seven criteria. The criteria were defined in cooperation with the company’s expert 
team. The expert team involved in this study consisted of a design engineer (𝑒 = 1), a 
quality engineer (𝑒 = 2), and a production engineer (𝑒 = 3). Formally, the set of experts 
can be represented as 𝑒, 𝑒 = 1, … ,𝐸 , where 𝑒  denotes the expert index, and 𝐸  denotes 
the total number of experts. 

The criteria used to evaluate the process improvement measures are as follows: 

• Tool design (𝑗 = 1) represents the time required by design engineers to develop the 
tool design and prepare the corresponding technical documentation. A shorter de-
sign time enables faster implementation of changes in production and reduces the 
overall project lead time. 

• Technology development (𝑗 = 2) refers to the time required by process engineers to 
define and verify the manufacturing process for forging-tool production. This stage 
includes the selection of machines and tooling, as well as the generation of CNC pro-
grams for tool manufacturing. 

• Tool manufacturing (𝑗 = 3) represents the time required for the production or modi-
fication of the tool. A long manufacturing time may lead to production delays and 
increased indirect costs. 
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• Cost (𝑗 = 4) represents the direct financial cost associated with the implementation 
of the measure. Due to its significant impact on production economics, this criterion 
is assigned the highest importance. 

• Risk reduction potential (𝑗 = 5) represents the expected effect of the measure on pro-
cess risks and the likelihood of their occurrence. 

• Sustainability of the effect (𝑗 = 6) denotes the potential of the measure to maintain its 
effectiveness even after changes in process conditions, such as changes in technology, 
operators, and other relevant factors. 

• Potential to address multiple failure modes (𝑗 = 7) represents the estimated scope of 
the measure’s impact on the identified critical failure modes. In other words, it re-
flects the ability of the measure to simultaneously influence multiple failure modes 
or their underlying causes and consequences. 

The first four criteria are quantitative in nature and belong to the cost-type category, 
meaning that lower values are preferred. The remaining three criteria are qualitative in 
nature and belong to the benefit-type category, meaning that higher values are preferred. 

3.1.3. Mathematical Representation of IVPFNs 

The foundation of IVPFNs originates from PFSs, which were introduced in [41], as 
an extension of IFSs [37,38]. The main characteristic of PFSs is their dual nature, repre-
sented by the membership degree 𝜇஺෨(𝑥) and the non-membership degree 𝜈஺෨(𝑥) of the 
function 𝐴ሚ(𝑥). While a PFS can be regarded as a general concept, an individual element 
of this set can be defined as a PFN, which is formally represented as follows [42,57]: 𝐴ሚ = ሼ(𝑥, 𝜇஺෨(𝑥), 𝜈஺෨(𝑥); 𝑥 ∈ 𝑋)ሽ (1)

A characteristic feature of PFNs is that the sum of the squares of 𝜇஺෨(𝑥) and 𝜈஺෨(𝑥) 
must be less than or equal to one. This distinguishes them from intuitionistic fuzzy num-
bers (IFNs), which also possess 𝜇஺෨(𝑥) and 𝜈஺෨(𝑥), but for which the sum of these values 
must be less than or equal to one, whereas this is not necessarily the case for PFNs. There-
fore, the hesitation degree of 𝐴ሚ in the set 𝑋 can be represented for a PFN as follows [39]: 𝜋஺෨(𝑥) = 1 − 𝜇஺෨(𝑥) − 𝜈஺෨(𝑥) (2)

For which the following holds: 0 ≤ 𝜋஺෨(𝑥) ≤ 1 (3)

An extension of PFNs in which 𝜇஺෨(𝑥) and 𝜈஺෨(𝑥) are defined within specific inter-
vals, i.e., possess lower and upper bounds, is referred to as an IVPFN. It can be formally 
represented as follows [29]: 𝐴ሚ = ൛𝑥, ൣ 𝜇஺෨ಽ(𝑥), 𝜇஺෨ೆ(𝑥)൧, ൣ𝜈஺෨ಽ(𝑥), 𝜈஺෨ೆ(𝑥)൧; 𝑥 ∈ 𝑋ൟ (4)

For which the following holds: 0 ≤ 𝜇஺෨ಽ(𝑥),𝜇஺෨ೆ(𝑥), 𝜈஺෨ಽ(𝑥), 𝜈஺෨ೆ(𝑥) ≤ 1 (5)

where 𝜇஺෨ಽ(𝑥)ଶ + 𝜈஺෨ಽ(𝑥)ଶ ≤ 1; 𝑥 ∈ 𝑋 (6)

The algebra of IVPFNs was also developed on the foundations of the algebra of PFNs. 
Let two PFNs be formally represented as 𝐴ሚ = (𝜇ଵ, 𝜈ଵ) and 𝐵෨ = (𝜇ଶ, 𝜈ଶ) and two IVPFNs 
as 𝐴ሚ = ሼሾ𝜇ଵ௅,𝜇ଵ௎ሿ, ሾ𝜈ଵ௅, 𝜈ଵ௎ሿሽ  and 𝐵෨ = ሼሾ𝜇ଶ௅,𝜇ଶ௎ሿ, ሾ𝜈ଶ௅, 𝜈ଶ௎ሿሽ , with 𝑐  denoting a non-negative 
crisp number. The following mathematical operations are defined: 

• Addition of two PFNs [57,58]: 
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𝐴ሚ ⊕ 𝐵෨ = ቆට𝜇ଵଶ + 𝜇ଶଶ − 𝜇ଵଶ𝜇ଶଶ, 𝜈ଵ, 𝜈ଶቇ (7)

• Addition of two IVPFNs [29,46]: 

𝐴ሚ ⊕ 𝐵෨ = ቆቈට(𝜇ଵ௅)ଶ + (𝜇ଶ௅)ଶ − (𝜇ଵ௅)ଶ(𝜇ଶ௅)ଶ,ට(𝜇ଵ௎)ଶ + (𝜇ଶ௎)ଶ − (𝜇ଵ௎)ଶ(𝜇ଶ௎)ଶ቉ , ሾ𝜈ଵ௅𝜈ଶ௅ , 𝜈ଵ௎𝜈ଶ௎ሿቇ (8)

• Multiplication of two PFNs [57,58]: 

𝐴ሚ ⊗ 𝐵෨ = ቆ𝜇ଵ𝜇ଶ,ට𝜈ଵଶ + 𝜈ଶଶ − 𝜈ଵଶ𝜈ଶଶቇ (9)

• Multiplication of two IVPFNs [29,46]: 

𝐴ሚ ⊗ 𝐵෨ = ቆሾ𝜇ଵ௅𝜇ଶ௅,𝜇ଵ௎𝜇ଶ௎ሿ, ቈට(𝜈ଵ௅)ଶ + (𝜈ଶ௅)ଶ − (𝜈ଵ௅)ଶ(𝜈ଶ௅)ଶ,ට(𝜈ଵ௎)ଶ + (𝜈ଶ௎)ଶ − (𝜈ଵ௎)ଶ(𝜈ଶ௎)ଶ቉ቇ (10)

• Multiplication of a PFN by a crisp number [57,58]: 𝑐𝐴ሚ = ቀඥ1 − (1 − 𝜇ଶ)௖ , 𝜈௖ቁ (11)

• Multiplication of an IVPFN by a crisp number [29,46]: 

𝑐𝐴ሚ = ቆቈට1 − (1 − (𝜇ଵ௅)ଶ)௖ ,ට1 − (1 − (𝜇ଵ௎)ଶ)௖቉ , ሾ(𝜈ଵ௅)௖ , (𝜈ଵ௎)௖ሿቇ (12)

• Exponentiation of a PFN by a crisp number [57,58]: 𝐴ሚ௖ = ቀ𝜇௖ ,ඥ1 − (1 − 𝜈ଶ)௖ቁ (13)

• Exponentiation of an IVPFN by a crisp number [29,46]: 

𝐴ሚ௖ = ቆሾ(𝜇ଵ௅)௖ , (𝜇ଵ௎)௖ሿ, ቈට1 − (1 − (𝜈ଵ௅)ଶ)௖ ,ට1 − (1 − (𝜈ଵ௎)ଶ)௖቉ቇ (14)

In addition to the aforementioned operations, other important mathematical opera-
tions for IVPFNs include: 

• Distance between these two IVPFNs [46]: 

𝑑൫𝐴ሚ,𝐵෨൯ = 12ඪ൮((𝜇ଵ௅)ଶ − (𝜇ଶ௅)ଶ)ቆ1 − 𝜋ଵ௅ − 𝜋ଶ௅2 ቇ + ඨ((𝜇ଵ௎)ଶ − (𝜇ଶ௎)ଶ)ቆ1 − 𝜋ଵ௎ − 𝜋ଶ௎2 ቇ൲ (15)

where the hesitation degrees corresponding to the lower and upper bounds are defined 
as follows [46]: 𝜋௅ = ට1 − (𝜇௎ଶ + 𝜈௎ଶ) (16) 

𝜋௎ = ට1 − (𝜇௅ଶ + 𝜈௅ଶ) (17) 

• Transformation of an IVPFN into a crisp value (defuzzification) [39]: 𝑑𝑒𝑓𝑢𝑧𝑧൫𝐴ሚ൯ = (18)
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= 16ቆ𝜇௅ଶ + 𝜇௎ଶ + (1 − 𝜋௅ସ − 𝜈௅ଶ) + (1 − 𝜋௎ସ − 𝜈௎ଶ) + 𝜇௅𝜇௎+ ට(1 − 𝜋௅ସ − 𝜈௅ଶ)(1 − 𝜋௎ସ − 𝜈௎ଶ)ర ቇ 

In this section, the basic characteristics and mathematical operations of IVPFNs are 
presented, namely those that are useful for the purposes of this study. More detailed ex-
planations of the concept and mathematical proofs can be found in the relevant literature 
[29,39,42,46,57,58]. 

3.1.4. Linguistic Assessment Framework 

For the purposes of this study, two linguistic scales were employed. The first scale 
was used to assess the relative importance of the criteria, while the second scale was used 
to evaluate the performance of the alternatives with respect to criteria 𝑗 = 5, 𝑗 = 6, and 𝑗 = 7. The linguistic terms were modeled using IVPFNs. 

The following linguistic terms were used to assess the relative importance of the cri-
teria, serving as input to the IPF-AHP method (defined in accordance with recommenda-
tions from the relevant literature [10,16,19,33,39,51]): 

• Equally important (E): ሼሾ0.50,0.50ሿ, ሾ0.50,0.50ሿሽ; 
• Absolutely less important (AL): ሼሾ0.00,0.00ሿ, ሾ0.90,1.00ሿሽ; 
• Significantly less important (SL): ሼሾ0.10,0.20ሿ, ሾ0.80,0.90ሿሽ; 
• Less important (L): ሼሾ0.20,0.35ሿ, ሾ0.65,0.80ሿሽ; 
• Moderately less important (ML): ሼሾ0.35,0.45ሿ, ሾ0.55,0.65ሿሽ; 
• Nearly equally important (NE): ሼሾ0.45,0.55ሿ, ሾ0.45,0.55ሿሽ; 
• Moderately more important (MM): ሼሾ0.55,0.65ሿ, ሾ0.35,0.45ሿሽ; 
• More important (M): ሼሾ0.65,0.80ሿ, ሾ0.20,0.35ሿሽ; 
• Significantly more important (SM): ሼሾ0.80,0.90ሿ, ሾ0.10,0.20ሿሽ; 
• Absolutely more important (AM): ሼሾ0.90,1.00ሿ, ሾ0.00,0.00ሿሽ. 

The following linguistic terms were used to evaluate the alternatives with respect to 
the aforementioned three criteria: 

• Very low (V1): ሼሾ0.0, 0.2ሿ, ሾ0.8, 1.0ሿሽ; 
• Low (V2): ሼሾ0.2, 0.4ሿ, ሾ0.6, 0.8ሿሽ; 
• Moderate (V3): ሼሾ0.4, 0.6ሿ, ሾ0.4, 0.6ሿሽ; 
• High (V4): ሼሾ0.6, 0.8ሿ, ሾ0.2, 0.4ሿሽ; 
• Very high (V5): ሼሾ0.8, 1.0ሿ, ሾ0.0, 0.2ሿሽ. 

In this case, the domain of IVPFNs is defined within the interval ([0,1]). Ten linguistic 
expressions were used to assess the relative importance of the criteria in order to obtain a 
more precise determination of the criteria weights. Among them, one term denotes that 
the criteria are of equal importance (E), one denotes that the criteria are of nearly equal 
importance (NE), four expressions indicate that the considered criterion is less important 
than the compared criterion (AL, SL, L, and ML), and four expressions indicate that the 
considered criterion is more important than the compared criterion (MM, M, SM, and 
AM). The evaluation of alternatives was performed using five linguistic expressions, 
which was considered sufficient to provide an appropriate level of scaling for the consid-
ered decision-making problem. 

3.2. The Proposed IPF-AHP-Based SREM Framework 

In this study, the IPF-AHP method was applied to determine the criteria weights. It 
represents a standard variant of this approach and has been defined and utilized in nu-
merous studies [10,16,19,33,39,44,45,51,59]. Therefore, the IPF-AHP approach is imple-
mented through the following steps: 
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Step 1. Formation of the fuzzy pair-wise comparison matrix for evaluating the rela-
tive importance of criteria at the level of each expert separately: ቂ𝑊௝௝ᇲ௘ ቃ௃×௃ᇲ (19)

In this case, the criteria can be formally represented as follows: 𝑗, 𝑗ᇱ = 1, … , 𝐽;  𝑗 ≠ 𝑗ᇱ. 
The experts can be formally represented as follows: 𝑒 = 1, … ,𝐸. 

Step 2. The consistency of the assessments is checked at the level of each expert. For 
this purpose, the eigenvector method [60] is employed. To evaluate consistency, the ele-
ments of the fuzzy pair-wise comparison matrix are mapped onto a crisp scale ranging 
from 1 to 5. The reciprocal values are determined in accordance with the reciprocal prop-
erty of the conventional AHP method. 

As in the conventional AHP method, the experts’ assessments are considered con-
sistent if the consistency ratio (CR) is less than or equal to 0.10 (10%). 

Step 3. The differences matrix, D, is formed: 𝐷 = ൣ𝑑௝௝ᇱ൧௃×௃ᇲ (20)

For which the following holds: 𝑑௝௝ᇲ௅ = 𝜇௝௝ᇲ௅ଶ − 𝜈௝௝ᇲ௎ଶ  𝑑௝௝ᇲ௎ = 𝜇௝௝ᇲ௎ଶ − 𝜈௝௝ᇲ௅ଶ  
(21)

Step 4. The interval multiplicative matrix, G, is formed: 𝐺 = ൣ𝑔௝௝ᇱ൧௃×௃ᇲ (22)

For which the following holds: 𝑔௝௝ᇲ௅ = ඥ1000ௗೕೕᇲಽ 𝑔௝௝ᇲ௎ = ඥ1000ௗೕೕᇲೆ 
(23)

Step 5. The indeterminacy value matrix, H, is formed: 𝐻 = ൣℎ௝௝ᇱ൧௃×௃ᇲ (24)

For which the following holds: ℎ௝௝ᇲ = 1 − ቀ𝜇௝௝ᇲ௎ଶ − 𝜇௝௝ᇲ௅ଶ ቁ − (𝜈௝௝ᇲ௎ଶ − 𝜈௝௝ᇲ௅ଶ ) (25)

Step 6. The matrix of unnormalized weights, T, is formed: 𝑡௝௝ᇲ = ൬𝑔௝௝ᇲ௅ + 𝑔௝௝ᇲ௎2 ൰ ∙ ℎ௝௝ᇲ (26)

Step 7. The criteria weights for each expert are determined as follows: 

𝜔௝௘ = ∑ 𝑡௝௝ᇲ௃௝ୀଵ∑ 𝑡௝௝ᇲ௃௝ୀଵ ∑ 𝑡௝௝ᇲ௃௝ୀଵ  (27)

Step 8. The aggregated criteria weights are determined as follows: 

𝜔௝ = 1𝐸 ∙෍𝜔௝௘ா
௘ୀଵ  (28)

To preserve the structure and consistency of the criteria weights, the arithmetic mean 
operator was employed. 

The SREM supported by IVPFN-based assessments was employed for ranking the 
alternatives through the following steps: 
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Step 1. The decision matrix is formed: ൣ𝑋௜௝൧ூ×௃ (29)

where 𝑥௜௝ denotes the element of the decision matrix representing the value of alternative 𝑖 with respect to criterion 𝑗. 
The first four criteria are defined based on the prior experience and knowledge of the 

company experts. The remaining three criteria are qualitative in nature, and their values 
are assessed by the experts using predefined linguistic terms modeled by IVPFNs. 

Due to the nature of the original SREM, as well as the insufficiently developed alge-
bra of IVPFNs, the linguistic assessments provided by the experts are used solely for the 
construction of the decision matrix. 

The experts’ assessments are aggregated using the addition operation for IVPFNs, 
after which the values are defuzzified according to the procedure presented in the previ-
ous section. 

Step 2. The normalized decision matrix is formed according to the procedure defined 
in the original SREM: ൣ𝑀௜௝൧ூ×௃ (30)

Normalization for benefit-type criteria is performed as follows: 𝑚௜௝ = 𝑥௜௝∑ 𝑥௜௝ூ௜ୀଵ ∙ 100 (31)

Normalization for cost-type criteria is performed as follows: 

𝑚௜௝ = 1𝑥௜௝∑ 1𝑥௜௝ூ௜ୀଵ ∙ 100 (32)

Step 3. The square transformation of the normalized values is performed, and the 
squared-transformed normalized matrix is formed: ൣ𝑆௜௝൧ூ×௃ (33)

For which the following holds: 𝑆௜௝ = 𝑚௜௝ଶ∑ 𝑚௜௝ଶூ௜ୀଵ  (34)

Step 4. The root transformation of the normalized values is performed, and the root-
transformed normalized matrix is formed: ൣ𝑅௜௝൧ூ×௃ (35)

For which the following holds: 𝑅௜௝ = ඥ𝑚௜௝∑ ඥ𝑚௜௝ூ௜ୀଵ  (36)

Step 5. The transformation matrix, or the α-fused matrix, is formed: ൣ𝐴௜௝൧ூ×௃ (37)

For which the following holds: 𝑎௜௝ = 𝛼 ∙ 𝑆௜௝ + (1 − 𝛼) ∙ 𝑅௜௝ (38)

Step 6. The values are weighted using the criteria weights obtained through the IPF-
AHP approach, and the weighted α-fused matrix is formed: 
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ൣ𝑁௜௝൧ூ×௃ (39)

For which the following holds: 𝑛௜௝ = 𝑎௜௝ ∙ 𝜔௝ (40)

Step 7. The values of the weighted α-fused matrix are summed for each alternative 
separately in order to determine the final ranking index: 

𝐹௜ = ෍𝑛௜௝௃
௝ୀଵ  (41)

The alternative with the lowest value of the final ranking index is ranked last, 
whereas the alternative with the highest value of this parameter is ranked first. 

4. Case Study 
The proposed IPF-AHP-based SREM framework was applied to a case study con-

ducted in a metal forming company engaged in the production of forged components. 
The company’s headquarters and production facility are located in Central Serbia. This 
section is divided into three parts. The first part provides a description of the processes 
carried out in the company. The second part presents the application of the IPF-AHP 
method for determining the criteria weights, while the third part ranks the process im-
provement measures using the SREM. 

4.1. Description of the Forging Production Process 

In the considered production facility, forgings are manufactured using several hy-
draulic and mechanical presses/hammers of different capacities, together with supporting 
equipment for material cutting, heating, heat treatment, and finishing operations. The pro-
duction process itself consists of a total of six phases, which are presented in Figure 2. 

 

Figure 2. The production process phases. 

As can be seen in Figure 2, the production of forgings begins with the cutting phase. 
This operation is performed using saws, shearing machines, or CNC machines. The objec-
tive is to cut the material in order to obtain a sufficient amount for further processing. 
After that, in the second phase, the workpieces are transported to a furnace, where they 
are heated to a temperature suitable for plastic deformation. 

The third phase involves the forging operation (see Figure 3), which represents the 
most important part of the process. Depending on the complexity of the part, i.e., the forg-
ing, the number of operations, or deformation stages, may vary. The forging operation 
itself is performed on presses or hammers, during which the desired shape of the part is 
formed. It is precisely in this phase that various problems may occur, such as forging 
cracks, tool wear, machine downtime, incomplete die-cavity alignment, and similar de-
fects. 
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Figure 3. Forging of parts in the considered production facility. 

In the fourth phase, the trimming operation is performed. During this phase, excess 
material generated during the forging process is removed in order to ensure the specified 
dimensions of the part. 

In the fifth phase, the parts undergo heat treatment in order to improve their me-
chanical properties. This process is carried out in vacuum and chamber furnaces. 

In the sixth phase, sand blasting is performed to remove oxides and impurities from 
the parts. This phase has a significant influence on the final appearance of the product. 
The specialized forging dies, as well as the finished forgings, are shown in Figure 4. 

  
(a) (b) 

Figure 4. Specialized forging die (a) and finished forging (b). 

Only a brief description of the production process is provided in this section. More 
detailed information cannot be disclosed due to the company’s data protection and confi-
dentiality policy. Nevertheless, the presented material is sufficient to explain the consid-
ered problem. 

4.2. Determination of Criteria Weights Using the IPF-AHP Method 

In this section, the weights of the considered criteria were determined using the pro-
posed IPF-AHP method. As a starting point for the application of this method, assess-
ments of the relative importance of the criteria were obtained from three experts from the 
company: 

• A design engineer (𝑒 = 1): 
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⎣⎢⎢
⎢⎢⎢
⎢⎢⎢
⎢⎢⎢
⎡ 𝑬 𝑁𝐸 𝑀𝐿 𝐿 𝐸 𝑀 𝑀𝑁𝐸 𝑬 𝑀𝐿 𝐿 𝑁𝐸 𝑀 𝑀𝑀𝑀 𝑀𝑀 𝑬 𝑀𝐿 𝑀 𝑀 𝑀𝑀 𝑀 𝑀𝑀 𝑬 𝑀 𝑀𝑀 𝑀𝑀𝐸 𝑁𝐸 𝐿 𝐿 𝑬 𝑀 𝑀𝐿 𝐿 𝐿 𝑀𝐿 𝐿 𝑬 𝑁𝐸𝐿 𝐿 𝐿 𝑀𝐿 𝐿 𝑁𝐸 𝑬 ⎦⎥⎥

⎥⎥⎥
⎥⎥⎥
⎥⎥⎥
⎤
 

• A quality engineer (𝑒 = 2): 

⎣⎢⎢
⎢⎢⎢
⎢⎢⎢
⎢⎢⎢
⎡ 𝑬 𝑁𝐸 𝐿 𝐿 𝐸 𝑀𝐿 𝑀𝐿𝑁𝐸 𝑬 𝐿 𝐿 𝑁𝐸 𝐿 𝐿𝑀 𝑀 𝑬 𝑀 𝑀 𝑁𝐸 𝑁𝐸𝑀 𝑀 𝐿 𝑬 𝑀 𝑀𝐿 𝑀𝐿𝐸 𝑁𝐸 𝐿 𝐿 𝑬 𝑀𝐿 𝑀𝐿𝑀𝑀 𝑀 𝑁𝐸 𝑀𝑀 𝑀 𝑬 𝑁𝐸𝑀𝑀 𝑀 𝑁𝐸 𝑀𝑀 𝑀 𝑁𝐸 𝑬 ⎦⎥⎥

⎥⎥⎥
⎥⎥⎥
⎥⎥⎥
⎤
 

• A production engineer (𝑒 = 3): 

⎣⎢⎢
⎢⎢⎢
⎢⎢⎢
⎢⎢⎢
⎡ 𝑬 𝑁𝐸 𝐿 𝑆𝐿 𝐸 𝑀 𝑀𝑁𝐸 𝑬 𝐿 𝑆𝐿 𝑁𝐸 𝑀 𝑀𝑀 𝑀 𝑬 𝐿 𝑀 𝑆𝑀 𝑆𝑀𝑆𝑀 𝑆𝑀 𝑀 𝑬 𝑆𝑀 𝐴𝑀 𝐴𝑀𝐸 𝑁𝐸 𝐿 𝑆𝐿 𝑬 𝑀 𝑀𝐿 𝐿 𝑆𝐿 𝐴𝐿 𝐿 𝑬 𝐸𝐿 𝐿 𝑆𝐿 𝐴𝐿 𝐿 𝐸 𝑬 ⎦⎥⎥

⎥⎥⎥
⎥⎥⎥
⎥⎥⎥
⎤
 

To verify the consistency of the assessments, the matrix was transformed so that each 
linguistic term corresponded to a crisp value, as explained in the proposed model. By 
applying the eigenvector method [61], it was found that all three matrices were consistent, 
with consistency ratio (CR) values of 0.05, 0.08, and 0.07, respectively. Therefore, the ex-
perts’ assessments can be accepted as final. 

Since the IPF-AHP methodology is well established in the relevant literature and was 
applied in its conventional form in this study, a detailed computational procedure is not 
presented. The criteria weights obtained for each expert are as follows: 

• A design engineer (𝑒 = 1): 𝜔ଵଵ = 0.15 𝜔ଶଵ = 0.15 𝜔ଷଵ = 0.22 𝜔ସଵ = 0.24 𝜔ହଵ = 0.15 𝜔଺ଵ = 0.04 𝜔଻ଵ = 0.04 

• A quality engineer (𝑒 = 2): 𝜔ଵଶ = 0.06 𝜔ଶଶ = 0.05 𝜔ଷଶ = 0.25 𝜔ସଶ = 0.19 𝜔ହଶ = 0.06 𝜔଺ଶ = 0.20 𝜔଻ଶ = 0.20 
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• A production engineer (𝑒 = 3): 𝜔ଵଷ = 0.08 𝜔ଶଷ = 0.07 𝜔ଷଷ = 0.22 𝜔ସଷ = 0.51 𝜔ହଷ = 0.08 𝜔଺ଷ = 0.02 𝜔଻ଷ = 0.02 
By applying the arithmetic mean operator, the following aggregated criteria weights 

were obtained: 𝜔ଵ = 0.10 𝜔ଶ = 0.09 𝜔ଷ = 0.23 𝜔ସ = 0.32 𝜔ହ = 0.09 𝜔଺ = 0.08 𝜔଻ = 0.08 
Based on the aggregated criteria weights, it was determined that Cost (𝑗 = 4) is the 

most important criterion for the expert team of the considered company. Tool manufac-
turing (𝑗 = 3) ranks second in importance, while the remaining criteria have very similar 
levels of importance. 

4.3. Prioritization of Process Improvement Measures Using the SREM 

This section presents the application of the proposed SREM approach for ranking 
and prioritizing process improvement measures. Table 1 presents the decision matrix ob-
tained from the data and assessments provided by the company experts. As already stated 
in this study, the first four criteria are crisp and of the cost type, while the remaining three 
are of the benefit type and were evaluated by the expert team using linguistic expressions 
modeled by IVPFNs. 

Table 1. The decision matrix with individual expert assessments. 

Process Improvement 
Measure, 𝒊 𝒋 = 𝟏 𝒋 = 𝟐 𝒋 = 𝟑 𝒋 = 𝟒 𝒋 = 𝟓 𝒋 = 𝟔 𝒋 = 𝟕 𝑖 = 1 6 3 5 1000 V3, V2, V2 V4, V4, V5 V3, V2, V4 𝑖 = 2 20 15 30 6000 V5, V4, V5 V5, V5, V5 V4, V5, V4 𝑖 = 3 4 2 8 1600 V3, V4, V3 V4, V4, V5 V4, V4, V5 𝑖 = 4 5 3 7 1400 V5, V4, V4 V4, V5, V5 V4, V4, V4 𝑖 = 5 4 2 9 1800 V5, V5, V5 V3, V3, V3 V5, V5, V5 𝑖 = 6 8 5 6 1200 V1, V2, V1 V5, V3, V4 V2, V2, V1 

After that, the experts’ assessments were aggregated into a single evaluation (see Ta-
ble 2). For this purpose, the IVPFN addition operation was employed, while the approach 
proposed in [46], defined within the methodology of this study, was used for the defuzz-
ification of values. 

Table 2. Aggregated and defuzzified decision matrix. 𝒊 𝒋 = 𝟏 𝒋 = 𝟐 𝒋 = 𝟑 𝒋 = 𝟒 𝒋 = 𝟓 𝒋 = 𝟔 𝒋 = 𝟕 𝑖 = 1 6 3 5 1000 0.483 0.717 0.663 𝑖 = 2 20 15 30 6000 0.728 0.795 0.717 𝑖 = 3 4 2 8 1600 0.678 0.717 0.717 𝑖 = 4 5 3 7 1400 0.717 0.728 0.697 𝑖 = 5 4 2 9 1800 0.795 0.616 0.795 𝑖 = 6 8 5 6 1200 0.254 0.702 0.322 

After the aggregation and defuzzification of the experts’ assessments modeled using 
IVPFNs, the original SREM was applied to determine the priorities of the process im-
provement measures. The ranking of the alternatives is presented in Table 3. 

Table 3. Ranking of process improvement measures. 

i 𝑭𝒊 (𝜶 = 𝟎) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟐𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟕𝟓) Rank 𝑭𝒊 (𝜶 = 𝟏) Rank 𝑖 = 1 0.177 1 0.191 1 0.206 1 0.221 1 0.236 1 
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𝑖 = 2 0.095 6 0.082 6 0.069 6 0.056 6 0.043 6 𝑖 = 3 0.162 3 0.162 2–3 0.162 2–3 0.162 2 0.163 2 𝑖 = 4 0.163 2 0.162 2–3 0.162 2–3 0.161 3 0.161 3 𝑖 = 5 0.157 4–5 0.155 5 0.154 5 0.152 5 0.150 5 𝑖 = 6 0.157 4–5 0.157 4 0.157 4 0.157 4 0.158 4 

It can be consistently shown that the process improvement measure of additional die-
leading (𝑖 = 1) ranks first regardless of whether and to what extent the root or quadratic 
transformation is favored, i.e., regardless of whether the objective is to identify an alter-
native with overall stability or an alternative with specific advantages with respect to the 
most important criteria. 

The second and third positions in the compromise ranking are occupied by the alter-
natives of double die leading (𝑖 = 4) and the special construction of the first operation (𝑖 =3). The values of the final ranking index for these two alternatives are very similar and 
exhibit only minor variations as the α parameter changes. In fact, alternative 𝑖 = 4 per-
forms better with respect to the two most important criteria, which is why the quadratic 
transformation places this alternative in second position. 

The fourth position in the ranking is predominantly occupied by the measure of parts 
pressing in the trimming operation (𝑖 = 6). Only for α = 0 does integral die leading (𝑖 = 5) 
appear in fourth position, while in all other cases this measure is ranked fifth. The alter-
native CNC cavity and gutter (𝑖 = 2) consistently remains in the last position. 

Although the SREM contains a mechanism for conducting a form of sensitivity anal-
ysis, the obtained results can be further examined by considering the criteria weights de-
rived from the individual expert assessments. The ranking results obtained in this manner 
are presented in Tables 4–6. 

Table 4. Ranking of process improvement measures (expert 1 criteria weights). 

i 𝑭𝒊 (𝜶 = 𝟎) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟐𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟕𝟓) Rank 𝑭𝒊 (𝜶 = 𝟏) Rank 𝑖 = 1 0.179 1 0.189 1 0.199 1 0.209 1 0.219 1 𝑖 = 2 0.100 6 0.087 6 0.074 6 0.061 6 0.048 6 𝑖 = 3 0.174 2 0.178 2 0.182 2 0.186 2 0.190 2 𝑖 = 4 0.171 3–4 0.170 4 0.170 4 0.169 4 0.169 4 𝑖 = 5 0.171 3–4 0.175 3 0.179 3 0.182 3 0.186 3 𝑖 = 6 0.155 5 0.151 5 0.146 5 0.142 5 0.138 5 

Table 5. Ranking of process improvement measures (expert 2 criteria weights). 

i 𝑭𝒊 (𝜶 = 𝟎) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟐𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟕𝟓) Rank 𝑭𝒊 (𝜶 = 𝟏) Rank 𝑖 = 1 0.155 1 0.167 1 0.180 1 0.192 1 0.205 1 𝑖 = 2 0.094 6 0.085 6 0.077 6 0.068 6 0.060 6 𝑖 = 3 0.141 3–4 0.140 4 0.139 4 0.139 4 0.138 4 𝑖 = 4 0.144 2 0.143 2 0.143 2–3 0.143 3 0.142 3 𝑖 = 5 0.135 5 0.132 5 0.128 5 0.124 5 0.121 5 𝑖 = 6 0.141 3–4 0.142 3 0.143 2–3 0.144 2 0.145 2 

Table 6. Ranking of process improvement measures (expert 3 criteria weights). 

i 𝑭𝒊 (𝜶 = 𝟎) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟐𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟓) Rank 𝑭𝒊 (𝜶 = 𝟎.𝟕𝟓) Rank 𝑭𝒊 (𝜶 = 𝟏) Rank 𝑖 = 1 0.196 1 0.217 1 0.239 1 0.260 1 0.281 1 𝑖 = 2 0.095 6 0.078 6 0.062 6 0.046 6 0.030 6 
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𝑖 = 3 0.172 4 0.170 4 0.167 4 0.165 4 0.162 4 𝑖 = 4 0.176 2 0.175 3 0.175 3 0.174 3 0.173 3 𝑖 = 5 0.166 5 0.161 5 0.156 5 0.151 5 0.147 5 𝑖 = 6 0.175 3 0.178 2 0.181 2 0.185 2 0.188 2 

When the problem is considered from the perspective of each expert individually, 
i.e., when the criteria weights obtained for each expert are taken into account separately, 
alternative 𝑖 = 1 remains ranked first in all scenarios. Likewise, alternative 𝑖 = 2 consist-
ently remains in the last position. However, the ranking of the remaining alternatives var-
ies to a considerable extent, which is a consequence of the differences in the criteria 
weights. Figure 5 presents the ranking of the alternatives for α = 0.5 when the aggregated 
criteria weights and the criteria weights obtained from each individual expert are consid-
ered. 

 

Figure 5. Alternative rankings under different criteria weights (α = 0.5). 

Figure 5 presents the compromise ranking for α = 0.5. Two clear trends can be ob-
served. Alternative 𝑖 = 1 is consistently identified as the best solution, while alternative 𝑖 = 2 always remains in the last position. The remaining alternatives may change their 
positions within the ranking, between the third, fourth, and fifth places. The greatest in-
fluence on these changes is exerted by the criteria weights, i.e., by the perspective of the 
expert assessing the relative importance of the criteria. 

4.4. Multi-Method Comparison and Cross-Verification of Results 

In order to validate the proposed IPF-AHP-based SREM framework by examining 
the stability of the obtained priorities of the process improvement measures, this section 
presents a comparative analysis of the employed SREM with three widely accepted 
MCDM methods: the Technique for Order Preference by Similarity to Ideal Solution (TOP-
SIS) [61], the Additive Ratio Assessment (ARAS) [62], and the Simple Additive Weighting 
(SAW) [61] method. 

The aforementioned methods were selected based on their specific mathematical ap-
proaches to the normalization and processing of input data. In this way, the results ob-
tained using MCDM methods with different mathematical foundations were compared. 
The TOPSIS was selected as a representative of distance-based methods, specifically those 
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based on the Euclidean distance from the positive and negative ideal solutions. In addi-
tion, TOPSIS is the most frequently used method in the relevant literature. The ARAS 
method belongs to the group of additive methods based on comparing the performance 
of alternatives with a predefined ideal solution. The SAW method was selected as one of 
the basic, simplest, and linearly based methods. 

Table 7 presents the ranking coefficients and the ranking obtained using the SREM 
(the compromise solution for α = 0.5), as well as those obtained using the conventional 
versions of the TOPSIS, ARAS, and SAW methods. 

Table 7. Cross-method verification of ranking coefficients and alternative priorities. 

i 
Ranking 

Coefficient 
SREM  (𝜶 = 𝟎.𝟓) 

Ranking 
Coefficient 

TOPSIS Ranking 
Coefficient 

ARAS Ranking 
Coefficient 

SAW 𝑖 = 1 0.206 1 0.935 1 0.845 1 0.230 1 𝑖 = 2 0.069 6 0.068 6 0.332 6 0.061 6 𝑖 = 3 0.162 2–3 0.868 4 0.735 3 0.176 4 𝑖 = 4 0.162 2–3 0.916 2 0.748 2 0.184 2–3 𝑖 = 5 0.154 5 0.839 5 0.715 4 0.166 5 𝑖 = 6 0.157 4 0.873 3 0.678 5 0.184 2–3 

Based on the results presented in Table 7, it can be concluded that all four considered 
methods produce very similar rankings. The agreement is primarily reflected in the rank-
ing of the best alternative, 𝑖 = 1, and the worst alternative, 𝑖 = 2. Even alternative 𝑖 = 4 
is ranked either in second place or shares second place in all considered cases. The rank-
ings of the remaining alternatives vary slightly, which can be seen more clearly in Figure 
6. 

 

Figure 6. Comparison of alternative rankings generated by SREM, TOPSIS, ARAS, and SAW. 

The differences in the rankings were caused by the very close values of the ranking 
coefficients for alternatives 𝑖 = 3 , 𝑖 = 4 , 𝑖 = 5 , and 𝑖 = 6 . When such small differences 
exist among the alternatives, the normalization procedure, as well as the mathematical 
logic of the method itself, plays an important role. Nevertheless, the Pearson correlation 
coefficients between the ranking coefficients indicate a high level of agreement among the 
obtained results. The Pearson correlation coefficient between the ranking coefficients 
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obtained by the SREM and TOPSIS methods is 0.93, between SREM and ARAS it is 0.98, 
and between SREM and SAW it is 0.99. 

Based on the above, it can be concluded that the Pearson correlation coefficients in-
dicate an extremely high level of agreement between the employed SREM and the con-
ventional and well-established MCDM approaches. Even the slight variations and differ-
ences in the rankings of the alternatives are not a direct consequence of model instability 
but are exclusively caused by the very similar performance of the alternatives. In general, 
the analysis demonstrated that the obtained results are reliable and that the final prioriti-
zation of the process improvement measures is mathematically well-founded and suffi-
ciently stable for decision-making in a real industrial system. 

5. Discussion 
Based on consultations with the company experts, it was concluded that the obtained 

ranking is fully expected from the perspective of resource optimization, since the pro-
posed methodology prioritizes measures with the fastest return on investment, i.e., so-
called quick-win solutions. The measure of additional die leading (𝑖 = 1) justifiably occu-
pies the first position in the ranking because it requires by far the least time for develop-
ment and manufacturing and has the lowest cost, which, within the mathematical model, 
compensates for its more modest technical performance. On the other hand, CNC machin-
ing of the cavity and gutter (𝑖 = 2) is expectedly ranked last because its very high cost and 
implementation time represent a substantial investment, causing it to be placed at the bot-
tom of the ranking according to the mathematical model. 

However, when viewed from the perspective of engineering reasoning and risk man-
agement in the considered production facility, the ranking reveals a potential limitation 
of the mathematical model, as the measure of integral die leading (𝑖 = 5) has a high po-
tential for risk reduction while remaining economically very affordable. In fact, this limi-
tation arises from the subjectivity of the expert assessments, since this measure is ranked 
in the penultimate position according to the two most important criteria (based on the 
aggregated criteria weights). Nevertheless, when only the criteria weights obtained from 
the assessments of Expert 1 are considered, this measure consistently occupies the third 
position in the ranking. This further confirms that the criteria weights had a significant 
influence on the ranking of this measure. A very similar situation can be observed for all 
other measures, except for 𝑖 = 1 and 𝑖 = 2, as their positions in the ranking largely de-
pend on the criteria weights, which can be clearly observed in Figure 5. 

Therefore, it can be concluded that the obtained ranking is logical if the company’s 
objective is the rapid and reliable stabilization of the process at minimal cost. If the objec-
tive is long-term reliability and tool safety, the weights of the input criteria should be ad-
justed in favor of technical benefits, which would substantially alter the ranking structure. 

From a methodological perspective, it was demonstrated that the SREM is a very 
suitable choice for problems that need to be analyzed from different perspectives. Alt-
hough the ranking of the alternatives did not undergo substantial changes as the value of 
parameter α varied from 0 to 1, i.e., the alternatives most often shifted by only one position 
in the ranking, there was one case in which this change was more pronounced. Specifi-
cally, when the ranking was performed using only the criteria weights obtained from Ex-
pert 2 (Table 5), alternative 𝑖 = 6 moved from the fourth position at α = 0, through the 
third position at α = 0.25 and 0.5, and to the second position at α = 0.75 and 1. This indicates 
that, when the differences between alternatives are very small, the SREM can serve as a 
highly useful tool, providing decision-makers with the opportunity to evaluate the poten-
tial of alternatives in a more systematic and comprehensive manner. 

6. Conclusions 
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Within this study, a hybrid, mathematically based, IPF-AHP-based SREM frame-
work was developed for the prioritization of process improvement measures that were 
previously identified as a result of the implementation of a PFMEA in the considered forg-
ing production facility. In the considered case study, a total of six process improvement 
measures were analyzed and evaluated with respect to seven criteria, which can be clas-
sified into three categories, namely technical, economic, and operational criteria. 

The results of the study showed that the additional die-leading measure represents 
the best solution when all of these aspects are considered simultaneously. On the other 
hand, CNC machining of the cavity and gutter stands out as the least cost-effective meas-
ure, which resulted in its placement at the last position in the ranking under all considered 
scenarios. 

The sensitivity analysis showed that the ranking of alternatives may vary depending 
on the value of the transformation parameter α. However, these variations did not affect 
the most important measure and its ranking position. Furthermore, the sensitivity analy-
sis revealed that criteria weights may influence the ranking of alternatives, particularly 
those that exhibit strong advantages with respect to one group of criteria while having 
significantly unfavorable values with respect to the remaining criteria. Based on the ob-
tained results, it can be concluded that the SREM is an appropriate tool when the objective 
is to observe the considered problem from multiple decision-making perspectives. In this 
way, decision-makers and experts are provided with additional information regarding the 
stability of the obtained solution. 

From a practical perspective, it has been demonstrated that PFMEA can be effectively 
enhanced through the application of MCDM approaches and that the priority of the pro-
posed process improvement measures can be evaluated from aspects other than the qual-
ity perspective required by PFMEA. Through the proposed framework, the research ob-
jective was achieved, namely to provide decision-makers in the company with support in 
the decision-making process, enabling them to establish a balance between implementa-
tion complexity, economic feasibility, and the time required for implementation. 

The main limitation of the proposed approach is that the case study was conducted 
in only one company and involved consultations with only three domain experts. Future 
research directions will be focused on the application of the proposed approach in other 
relevant industries, including the use of different MCDM approaches, particularly objec-
tive methods for determining criteria weights. 
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AP Action Priority 
CNC Computer Numerical Control 
CR Consistency Ratio 
FMEA Failure Mode and Effects Analysis 
IFSs Intuitionistic Fuzzy Sets 
IPF-AHP Analytic Hierarchy Process extended through the application of IVPFNs 
IVPFNs Interval-Valued Pythagorean Fuzzy Numbers 
MCDM Multi-Criteria Decision-Making 
PFMEA Process Failure Mode and Effects Analysis 
PFSs Pythagorean Fuzzy Sets 
SAW Simple Additive Weighting 
RPN Risk Priority Number 
SREM Square-Root-Based Evaluation Method 
TOPSIS Technique for Order Preference by Similarity to Ideal Solution 
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