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Abstract: In recent years, efficient processes have become increasingly important because of high-
level competition in the production industry. The concept of Industry 4.0 is a relatively new and
effective method for managing production processes. Because the Industry 4.0 implementation
process includes connections between objects, humans, and systems, it is quite difficult to evaluate
and measure the performance. At this stage, performance criteria can be applied. However, linguistic
evaluation of criteria makes the problem too complicated to solve. The purpose of this paper is to
present a novel fuzzy performance measurement model for Industry 4.0 in small and medium-sized
manufacturing firms. A hybrid spherical fuzzy analytic hierarchy process (SF-AHP)—weighted score
methodology (WSM) is proposed for the performance measurement and scoring process. In the
application part of this paper, the propounded methodology was applied to five companies. The
results of this study can be used as a reference for experts in the performance measurement of the
Industry 4.0 process.
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1. Introduction

By the end of the 18th century, the introduction of mechanical production techniques
based on water and steam power had changed the world. The usage of mechanical man-
ufacturing equipment is called the first Industrial Revolution (1.0) and the beginning of
industrialization. With the invention of electric power, another era had begun. This new
invention was used to bring about mass production during the second Industrial Revolu-
tion (2.0). In the 1970s, the growth of automation, the power of electronics, and information
technology changed the world again. Production was further mechanized in the third
Industrial Revolution (3.0) [1]. In recent decades, major technological developments have
appeared, such as the internet, processing power, and artificial intelligence. As a result of
these technological advances, the fourth and lastest industrial revolution started, which is
called “Industry 4.0” or “I4.0”.

The Industry 4.0 concept was first introduced by the German government in 2011 to
promote manufacturing computerization [2]. The proposed concept has attracted consider-
able attention. It includes cloud computing, the Internet of Things (IoT), and cyber-physical
systems. The concept addresses smart factories. Cyber-physical systems monitor physical
processes and create a virtual copy of the physical world by using the advantages of cloud
computing. The IoT refers to cyber-physical systems that communicate and collaborate
online in real-time [3]. Furthermore, internet services provide valuable information for
both internal and cross-organizational participants in all production processes.

Industry 4.0 was presented as a theoretical concept. Companies that have imple-
mented this concept in their industries have reaped numerous benefits. Reduced costs
and increased productivity are the main advantages [4]. Because of the benefits that the
company provides as a result of Industry 4.0 technologies, this concept has spread quickly.
Herewith, businesses started investing in Industry 4.0 technologies.
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Industry 4.0 is a revolution that affects all types of industries and the processes asso-
ciated with them. There is also a relationship between Industry 4.0 and sustainability [5].
Therefore, the literature has been fairly wide-ranging [6]. It is possible to evaluate Indus-
try 4.0 from different perspectives. Performance management is one of the important points
in the evaluation process. There are many alternative evaluation methods for the Indus-
try 4.0 performance measurement such as balanced scorecard (BSC), empirical methods,
and MCDM approaches [7–9]. In this research, a novel evaluation model was proposed for
Industry 4.0 performance management for small and middle-sized production companies.
The performance was evaluated by using a new hybrid SF-AHP—WSM approach.

The paper is structured as follows: A brief literature review is given in Section 2.
Spherical fuzzy sets and the steps of the proposed methodology are explained in Section 3.
Industry 4.0 performance evaluation application is given in Section 4. Finally, conclusions
and future works are in the last section.

2. Literature Review

Multi-criteria decision-making (MCDM) methods have been widely utilized in de-
cision processes, selection, ranking, and evaluation problems for a long time. Although
Industry 4.0 is a new concept, there are different MCDM approaches used for emerging
problems. Veza et al. proposed a procedure for comparison and ranking of industrial
enterprises with the preference ranking organization method for enrichment evaluation
(PROMETHEE) method, based on the enterprise’s competencies [10]. Medic et al. used the
hybrid fuzzy MCDM method to rank organizational improvements from Industry 4.0 per-
spective [11]. According to the research, organizational innovations have a strong relation
with Industry 4.0 approaches in manufacturing companies. Kazancoglu et al. presented a
structural competency model and new criteria for personnel selection in the Industry 4.0
frame through the fuzzy decision-making trial and evaluation laboratory (DEMATEL)
method [12]. Hassanpour et al. investigated the effects of Industry 4.0 on the household
appliance industry. The authors combined the MCDM and data envelopment analyses
(DEA) methods and propounded a hybrid approach for ranking companies and evaluating
efficiency scores [13].

Performance measurement and performance indicators in Industry 4.0 are important
topics in the literature. Ante et al. develop a key performance indicators tree for lean
and smart production systems [14]. Lopes and Martins provide a map of Industry 4.0
impacts on performance measurement systems [15]. Kloviene and Uosyte use qualitative
research methods, including semi-structured interviews and documents analysis, to de-
velop a performance measurement system [16]. Xie et al. focus on intelligent supply chain
performance measurement in Industry 4.0 [17]. Yin and Qin offer a smart performance
measurement approach for collaborative design in Industry 4.0 [18].

Examining the readiness factors of Industry 4.0 is another important step. Sriram et al.
use the complex proportionality assessment (COPRAS) methodology for Industry 4.0
deployment in small and medium-sized enterprises (SMEs) [19]. Büyüközkan et al. analyze
the success factors of Industry 4.0 in aviation by using an integrated intuitionistic MCDM
methodology [9]. In the research, factors are obtained from the expert opinions and
literature survey. Vinodh et al. analyzed the workforce attributes related to Industry 4.0
using fuzzy DEMATEL and fuzzy combinative distance-based assessment (CODAS) [20].
Gupta et al. propose a model based on sustainable production, economy, and Industry 4.0
standards. The model evaluates manufacturing companies’ sustainability performance by
applying the MCDM approach [21].

The MCDM literature is developing rapidly, and new methods are constantly emerg-
ing. Watróbski and Sałabun propose a new MCDM approach called the Characteris-
tic Objects method (COMET), which is resistant to the rank reversal phenomenon [22].
Kizielewicz et al. combine COMET with TOPSIS and PROMETHEE II [23]. Faizi et al. offer
a method to support decision making in an uncertain environment. The method is based
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on normalized interval-valued triangular fuzzy numbers [24]. Rehman et al. focus on the
AHP structure in group decision making using incomplete fuzzy information [25].

The AHP methodology, one of the most widely used decision-making methods in the
literature, was suggested by Saaty in the 1980s [26]. It is developed for organizing and
analyzing complex decisions based on mathematics and psychology. The methodology
provides to reveal objective thoughts for the personal preferences in the decision-making
process. It is based on pairwise comparisons of decision makers. The decision maker
reaches the final ranking by comparing the criteria and the alternatives within the hieratical
structure [27]. This method can be used for a decision maker as well as for the decision
process of a group containing more than one decision maker [28]. Another advantage of
the method is that it provides more consistent comparisons by revealing the inconsistency
in the comparisons of the decision makers [29].

In fuzzy decision making, decision makers prefer to express their evaluations as a
range rather than fixed values due to the fuzzy nature of the selection process. There is
a broad range of studies and approaches available for fuzzy decision-making processes
in the literature [30]. Classical fuzzy sets [31], type-2 fuzzy sets [32], interval-valued [32],
intuitive (intuitionistic) fuzzy sets [33], fuzzy multiple sets [34], intuitive type-2 sets [35],
Neutrosophic fuzzy sets [36], non-stationary fuzzy sets [37], unstable (Hesitant) fuzzy
sets [38], Pythagorean fuzzy sets [39], q-rung Orthopair fuzzy sets [40], and finally spherical
fuzzy sets [41] were combined with the AHP method.

3. Methodology

Although the human mind is relatively accurate in qualitative predictions, it may fail
to make quantitative predictions. For many problems, some decision data can precisely
be evaluated while others cannot be done. Uncertainty in preference judgments leads
to uncertainty in the order of alternatives and difficulties in defining the consistency of
preferences [42].

Methods of dealing with MCDM problems may involve complex processes. The suc-
cess of the decision-making model(s) applied to solve the problem is directly proportional
to the accuracy of the data received from the DM. However, in many cases, linguistic
uncertainties in the decision-making process drive DMs to erroneous conclusions [43].
Fuzzy decision-making processes have emerged as a solution to these problems.

There are specific judgments in classical decision-making problems. However, in
complex decision-making processes where uncertainty is concerned, the DMs prefer gen-
eral evaluations rather than definitive assessments. In order to express these linguistic
uncertainties in the decision-making process, fuzzy sets are used, which is similar to human
thought. Fuzzy sets were proposed in the mid-1960s, and their membership functions are
used for situations that cannot be expressed in crisp numbers [31]. Spherical fuzzy sets are
a relatively new approach [44,45]. In this paper, the SF-AHP approach has been applied to
determine the criterion weights [46]. WSM has been used for performance scoring. First,
spherical fuzzy sets are explained [47]. After that, the steps of the SF-AHP—WSM hybrid
methodology are represented.

3.1. Spherical Fuzzy Sets

The definition of Ãs, which is the spherical fuzzy set defined on U, is given in Equation (1).

Ãs =
{

u, (µÃs
(u), (vÃs

(u)(πÃs
(u))

∣∣∣u ∈ U
}

(1)

where µÃs
(u) : U → [0, 1], vÃs

(u) : U → [0, 1], πÃs
(u) : U → [0, 1] and 0 ≤ µ2

Ãs
(u) +

v2
Ãs
(u) + π2

Ãs
(u) ≤ 1, ∀u ∈ U.

In spherical fuzzy sets, addition and multiplication operators are defined as given in
Equations (2) and (3).
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Ãs ⊕ B̃s =

{(
µ2

Ãs
+ µ2

B̃s
− µ2

Ãs
µ2

B̃s

)2
, vÃs

vB̃s
,
((

1 − µ2
B̃s

)
π2

Ãs
+
(

1− µ2
Ãs

)
π2

B̃s
− π2

Ãs
π2

B̃s

)1/2
}

(2)

Ãs ⊗ B̃s =

{
µÃs

µB̃s
,
(

v2
Ãs

+ v2
B̃s
− v2

Ãs
v2

B̃s

)1/2
,
((

1− v2
B̃s

)
π2

Ãs
+
(

1− v2
Ãs

)
π2

B̃s
− π2

Ãs
π2

B̃s

)1/2
}

(3)

The multiplication of a spherical fuzzy number with a constant λ ≥ 0 number is given
in Equation (4),

λ.Ã s =

{(
1−

(
1− µ2

Ãs

)λ
) 1

2
, vλ

Ãs
,
((

1− µ2
Ãs

)λ
−
(

1− µ2
Ãs
− π2

Ãs

)λ
)1/2

}
(4)

and the power of a spherical fuzzy number is given in Equation (5),

µλ
Ãs

=

{
µλ

Ãs
,
(

1−
(

1− v2
Ãs

)λ
) 1

2
,
((

1− v2
Ãs

)λ
−
(

1− v2
Ãs
− π2

Ãs

)λ
)1/2

}
(5)

General definitions in spherical fuzzy sets: Let Ãs =
(

µÃs
, vÃs

, πÃs

)
and B̃s =(

µB̃s
, vB̃s

, πB̃s

)
are the spherical fuzzy set numbers. For all λ1, λ2, λ3,≥ 0, the properties

are given in Equations (6)–(11).

Ãs ⊕ B̃s = B̃s ⊕ Ãs (6)

Ãs ⊗ B̃s = B̃s ⊗ Ãs (7)

λ
(

Ãs ⊕ B̃s) = λÃs ⊕ λB̃s (8)

λ1 Ãs ⊕ λ2 Ãs = (λ1 + λ2)Ãs (9)

(Ãs ⊗ B̃s)
λ
= λ.Ãs ⊗ λ.B̃s (10)

Ãλ1
s ⊗ Ãλ2

s = Ãλ1+λ2
s (11)

The definition of spherical fuzzy arithmetic mean (SFAM) is given in Equation (12).

SFAM

(
Ã1, Ã2, . . . , Ãn

)
= ⊕n

i=1wi Ãi = w1 Ã1 ⊕ w2 Ã2 ⊕ . . .⊕ wn Ãn (12)

where w = (w1, w2, . . . , wn)
T is a weight vector of the SFAM operator where i ∈ In,

wi ∈ [0, 1] and
n
∑

i=1
wi = 1.

The definition of spherical fuzzy geometric mean (SFGM) is given in Equation (13).

SFGM

(
Ã1, Ã2, . . . , Ãn

)
= ⊗n

i=1 Ãwi
i = Ãw1

s1 ⊗ Ãw2
2 ⊗ . . . Ãwn

n , (13)

where w = (w1, w2, . . . , wn)
T is a weight vector of the SFGM operator where i ∈ In,

wi ∈ [0, 1] and
n
∑

i=1
wi = 1.

3.2. SF-AHP-WSM Methodology

In the classical AHP method, pairwise comparisons are expressed with crisp num-
bers [48]. However, it ignores the linguistic uncertainty of the decision makers, as men-
tioned before [49]. So as to overcome this deficiency, the AHP method and fuzzy sets were
combined together [50]. In this study, the SF-AHP and WSM methods were applied for a
hybrid approach. The SF-AHP method was used for criteria evaluation. The WSM method
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was selected because a scale ranged 1–10 was used in the SMEs evaluation. There are seven
steps in the proposed methodology. The steps are given below.

Step 1. Creation of Hierarchical Structure: In this step, the hierarchical structure of
the problem is created, as given in Figure 1. The goal, criteria, sub-criteria, and SMEs to
be evaluated are determined. If there is a group decision, the decision-making group is
selected at this stage.
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Step 2. Creation of pairwise comparison matrices: Pairwise comparison matrices are
evaluated by decision makers according to the linguistic measurements, which are given
in Table 1.

Table 1. SF-AHP preference scale for pairwise comparisons [47].

Linguistic Measurement (µ,v,π) Score Index (SI)

Absolutely More Important (AMI) (0.9, 0.1, 0.0) 9
Very High Important (VHI) (0.8, 0.2, 0.1) 7

High Important (HI) (0.7, 0.3, 0.2) 5
Slightly More Important (SMI) (0.6, 0.4, 0.3) 3

Equally Important (EI) (0.5, 0.4, 0.4) 1
Slightly Low Important (SLI) (0.4, 0.6, 0.3) 1/3

Low Important (LI) (0.3, 0.7, 0.2) 1/5
Very Low Important (VLI) (0.2, 0.8, 0.1) 1/7

Absolutely Low Important (ALI) (0.1, 0.9, 0.0) 1/9

The comparison matrix is represented in Equation (14).

Ãk =


EI d̃

k
12 · · · d̃k

1n

d̃k
21 EI

. . . d̃k
2n

...

d̃
k
n1

...
d̃n2

. . .
. . .

...
EI

 (14)

Step 3. Calculation of the consistency ratio (CR): SI values are calculated by using
Equation (15).

SI =

√∣∣∣∣100 ∗
[(

µÃs
− πÃs

)2
−
(

υÃs
− πÃs

)2
]∣∣∣∣ (15)

The calculated SI values are given in Table 1. SI, random index (RI), and consistency
index (CI) values are used in the calculation of CR for each comparison matrix. The RI
values are given in Table 2.

Table 2. RI values.

1 2 3 4 5 6 7 8 9 10

0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49
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CI formula is given in Equation (16).

CI =
λmax − n

n− 1
(16)

If the calculated CR (Equation (17)) is greater than 0.1, the decision maker is asked to
reconsider the comparison matrix [47].

CR = CI/RI (17)

Step 4. Calculation of local fuzzy weights: SWAM operator, given in Equation (18), is
used to calculate fuzzy weight values from pairwise comparison tables.

SWAM =


[

1−
n

∏
i=1

(
1− µ2

Asi

)wi

]1/2

,
n

∏
i=1

vwi
Asi

,

[
n

∏
i=1

(
1− µ2

Asi

)wi −
n

∏
i=1

(
1− µ2

Asi
− π2

Asi

)wi

]1/2
 (18)

where w = 1/n.
Step 5. Defuzzification of fuzzy weights: The defuzzification formula is given in

Equation (19).

S
(
wj
)
=

√√√√∣∣∣∣∣100 ∗
[(

3µÃs
−

πÃs

2

)2
−
(vÃs

2
− πÃs

)2
]∣∣∣∣∣ (19)

Step 6. Calculation of global weights: Global weights are obtained from defuzzified
local weights.

Step 7. Evaluation of the Industry 4.0 performance score by using WSM: In the last
step, the weighted performance score of the enterprise is calculated. This method allows
researchers to evaluate and score more than one enterprise at the same time. If there is
more than one candidate, the companies can be ranked.

The flow chart of the proposed methodology is given in Figure 2.
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4. Application

In this study, the SF-AHP—WSM approach is proposed for the Industry 4.0 perfor-
mance measurement of SMEs operating in manufacturing. According to the proposed
methodology’s first step, a hierarchical structure was constructed. The criteria used in this
study were created by combining findings from a literature review and expert opinions.
There are three main criteria and twelve sub-criteria. The main criteria are software, pro-
duction, and external stakeholders. Each main criterion has four sub-criteria. The proposed
hierarchical structure of SF-AHP and the explanations of the criteria are given in Table 3.

Table 3. The hierarchical structure of the proposed model.

Main Criteria Sub Criteria Explanation

C1—Software

C11—ERP Software Efficiency of Enterprise Resource Planning (ERP)
software implementation.

C12—Cyber Security Taking cybersecurity measures.
C13—Cloud Computing Cloud and cloud computing applications used in the operations.
C14—Software Solutions Using software solutions for specific requirements.

C2—Production

C21—Process Simulation Simulation usage in the production processes.
C22—IoT IoT device usage in the production line.
C23—Autonomous Robots Autonomous robot usage in the production line.

C24—Information Share ERP software package utilized to share information between
different functional areas.

C3—External Stakeholders

C31—Customer Relations Using software for Customer Relationship Management (CRM).

C32—Public Relations Using the internet or digital platforms for communication with
public institutions.

C33—Digital Supply Chain Sharing supply chain management information with software.
C34—Online Orders Receive orders online.

In the second step, pairwise comparison matrices were conducted. There may be one
or more than one decision makers in the decision-making process. It depends on the content
and type of decision-making problem. In the scope of this research, weights were evaluated
by a group of three experts: one expert from the university who has scientific works on
Industry 4.0, one software and technology expert, and one expert from the manufacturing
sector. An example of a linguistic pairwise comparison matrix is given in Table 4.

Table 4. Linguistic pairwise comparison matrix.

Main Criteria Software Production External Stakeholders

Software EI EI SMI
Production EI EI SMI

External Stakeholders SLI SLI EI

In the third step, for all comparison matrices, CR was evaluated. All CRs are smaller
than 0.1. It shows that all comparisons are consistent.

Local fuzzy weights of criteria and sub-criteria are calculated in step four. Then, in
step five, defuzzified weights are found by using Equation (19). For the main criteria, fuzzy
weights and defuzzified weights are given in Table 5.

Evaluation of sub-criteria under software is given in Table 6. Here, cyber security and
ERP software are the most important sub-criteria.

Sub-criteria of production are given in Table 7. As seen in the table, IoT is the most
important factor.
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Table 5. Spherical fuzzy and defuzzified weights for main criteria.

Main Criteria µ v π Weight

Software 0.5372 0.4000 0.3675 0.3638
Production 0.5111 0.4309 0.3667 0.3442

External Stakeholders 0.4372 0.5241 0.3413 0.2920

Table 6. Spherical fuzzy and defuzzified weights for sub-criteria of software.

Software µ v π Local Weight

ERP Software 0.5284 0.4000 0.3756 0.2626
Cyber Security 0.5715 0.3936 0.3254 0.2930

Cloud Computing 0.4870 0.4681 0.3536 0.2422
Software Solutions 0.4086 0.5635 0.3162 0.2022

Table 7. Spherical fuzzy and defuzzified weights for sub-criteria of production.

Production µ v π Local Weight

Process Simulation 0.4362 0.5091 0.3456 0.2078
IoT 0.6621 0.3224 0.2532 0.3409

Autonomous Robots 0.5224 0.4601 0.3153 0.2582
Information Share 0.4086 0.5384 0.3431 0.1930

Local weights of external stakeholders are given in Table 8. According to evaluations,
the most important sub-criteria is customer relations. Public relations, digital supply chain,
and online orders are followed, respectively.

Table 8. Spherical fuzzy and defuzzified weights for sub-criteria of external stakeholders.

External Stakeholders µ v π Local Weight

Customer Relations 0.5877 0.3722 0.3269 0.2939
Public Relations 0.5471 0.4120 0.3298 0.2713

Digital Supply Chain 0.5284 0.4162 0.3498 0.2588
Online Orders 0.3646 0.6086 0.2785 0.1760

In step six, global weights of sub-criteria were evaluated. The results are given in
Table 9. According to the results, IoT and cyber security are the two most important sub-
factors. Although the criteria sets are different, IoT was found to be important in the first
place in other studies in the literature [51]. After that, five different SMEs were evaluated in
the seventh step. Each company was evaluated with a group of three high-level white-collar
company employees. These employees are responsible for the I4.0 process. A scale ranging
from 1 to 10 was used in the evaluation. The results are given in Table 9.

The weighted SME scores are given in Table 9. According to the results, the highest-
ranked SME is 3rd enterprise. Furthermore, each company could be aware of both its
strong and weak points in the I4.0 implementation process.

Table 9. Global weights of sub-criteria and performance measurement of enterprises.

Sub Criteria Global Weight SME1 SME2 SME3 SME4 SME5

ERP Software 0.0955 0.8284 0.7329 0.8915 0.8599 0.7959
Cyber Security 0.1066 0.8176 0.7110 0.9594 0.8528 0.9242

Cloud Computing 0.0881 0.4697 0.6169 0.6759 0.5578 0.7341
Software Solutions 0.0736 0.4171 0.5642 0.6128 0.5149 0.6620
Process Simulation 0.0715 0.4291 0.5957 0.5721 0.5485 0.4055
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Table 9. Cont.

Sub Criteria Global Weight SME1 SME2 SME3 SME4 SME5

IoT 0.1173 0.8601 0.8214 0.9387 0.9774 0.9000
Autonomous Robots 0.0889 0.5626 0.3848 0.8292 0.8594 0.3848

Information Share 0.0664 0.4651 0.5760 0.5760 0.6424 0.4205
Customer Relations 0.0858 0.6865 0.7723 0.5432 0.8006 0.5432

Public Relations 0.0792 0.7393 0.6600 0.7131 0.2908 0.4754
Digital Supply Chain 0.0756 0.5539 0.5796 0.6295 0.4285 0.6801

Online Orders 0.0514 0.4455 0.4281 0.4625 0.3767 0.4111

Industry 4.0 Performance Score: 7.2748 7.4429 8.4038 7.7099 7.3369

5. Conclusions and Future Works

As a result of technological improvements and customer demands, competition be-
tween enterprises increased in the last decades. It is of vital importance for businesses
to capture technological innovations and integrate them into their systems. After the
integration process, performance management evaluation of Industry 4.0 will contribute to
SMEs’ productivity, competitiveness, and growth of the company. This study presents a
hybrid SF-AHP—WSM Industry 4.0 performance evaluation approach proposed for SMEs
operating in the field of manufacturing. Performance measurements were examined under
three main criteria: software, production, and external partners. Fuzzy sets were used to
incorporate linguistic uncertainties into the criterion evaluation process.

The proposed approach was applied in a real-life evaluation process for demonstration
of the potential use. In further studies, the criteria set and weights defined in the scope of
this research could be used for other MCDM approaches. Different fuzzy approaches like
type-2 fuzzy sets, intuitionistic fuzzy sets, or q-rung Orthopair fuzzy sets can be applied
with the AHP method together. The results can be compared by using different methods
such as TOPSIS, PROMETHEE, and WASPAS. Furthermore, more than five SMEs can be
evaluated and performance results compared.
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Location Selection Problem: A Real Case Study for İstanbul. Environ. Sci. Pollut. Res. 2020, 27, 36109–36120. [CrossRef]
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