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Selecting the most suitable manufacturing outsource vendors (MOVs) is 
crucial, as these decisions significantly influence organizational performance, 
environmental sustainability, and resilience to disruptions. However, the 
evaluation process often involves subjective judgments, which can introduce 
uncertainty and inconsistency. To address this problem, this study adopts the 
improved Combined Compromise Solution (CoCoSo) method, enhanced with 
Fermatean fuzzy logic, as a consensus-driven decision-making framework. To 
further improve accuracy, Fermatean fuzzy Generalized Dombi weighted 
aggregation operators are employed. Criteria weights are determined using 
dispersion measures and cross-entropy techniques. The application of the 
proposed method is demonstrated through a case study involving a precision 
gearbox manufacturing company. Among the evaluated criteria, carbon 
emission reduction, waste recycling rate, and on-time delivery rate are 
identified as the most critical, with respective weights of 0.3160, 0.1254, and 
0.1254. Of the four candidate MOVs (A1, A2, A3, and A4), vendor A4 is ranked 
highest with a utility score of 1.96145. A comparative analysis confirms the 
superior performance of the proposed approach compared to alternative 
decision-making models.  
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1. Introduction 

The Manufacturing outsourcing (MO) has emerged as a key tactic for businesses looking to cut 
expenses, improve operational effectiveness, and focus on their core competencies. MO mostly 
describes the practice of businesses assigning all or a portion of their manufacturing processes to 
outside vendors, frequently located in different regions [1]. These suppliers, referred to as MO 
vendors (MOVs), offer specialized services that assist businesses in cutting expenses and increasing 
productivity. MOVs are essential to global supply chain management (SCM) because they allow 
businesses to produce things on their behalf and expedite their production processes. Organizations 
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can focus their resources on marketing, customer service, and innovation initiatives that directly 
enhance their competitive edge by outsourcing production duties to specialized vendors [2]. Several 
studies have emphasized how important vendor selection is in determining the dynamics of SCM and 
how it is carried out [3]. There is a lot of weight in the vendor selection process since choosing the 
wrong vendor can negatively impact both financial performance and operational efficiency. On the 
other hand, selecting the correct vendor can result in a number of benefits like lower procurement 
costs, increased end-user satisfaction, and a stronger competitive advantage in the market [4]. 

Despite the significant advantages it offers in enhancing crucial elements like delivery, quality, 
flexibility, cost savings, service levels, and innovation, many firms find it difficult to establish a 
trustworthy vendor selection process. With the global expansion of outsourcing, buyers must 
carefully evaluate and select their providers to ensure reliable delivery of goods and services. Failure 
of a provider to meet expectations can cause significant disruption to operations and lead to 
substantial financial losses. A comprehensive evaluation and selection process is essential to ensure 
the effective performance of MOVs. This approach should incorporate suitable mathematical 
methods for rigorous analysis and align evaluation criteria with the specific needs of the organization 
[5]. 

The conceptualization of fuzzy sets (FSs) emerged as a response to the need for accommodating 
imprecise human judgments when addressing real-world problems [6]. Yager [7] introduced 
Pythagorean FS (PFS), an enhanced iteration of FSs characterized by the inclusion of membership 
value (MV) and non-MV (NMV). PFSs adhere to the constraint that the sum of the squares of MV and 
NMV must be equal to or less than 1. PFSs don’t deal with the situation when the sum of MV2 and 
MNV2 is > 1. Senapati and Yager [8] introduced Fermatean FSs (FFSs) to handle such situations. In 
FFSs, the sum of MV3and MNV3 is ≤ 1. FFSs demonstrate superior potency and competence in 
effectively addressing uncertain multi-criteria decision-making (MCDM) problems. To integrate 
information within FFSs, FF weighted operators [9], FF Dombi weighted operators [10], FF Hamacher 
weighted operators [11], and FF Einstein operators [12] have been used so far.  The existing FF 
decision support models can be categorized into two main groups including (i) compromise solution-
based models, which include methods like technique for order of preference by similarity to ideal 
solution (TOPSIS) [8] and multi-objective optimization by ratio analysis plus full multiplicative form 
(MULTIMOORA) [12]; and (ii) utility-based models, which encompass methods like VlseKriterijumska 
Optimizacija I Kompromisno Resenje (VIKOR) [13] and Measurement of Alternatives and Ranking 
according to COmpromise Solution (MARCOS) [14]. On the other hand, FFS based models have many 
applications [12-22].  
      MCDM methods are very effective for handling imprecise information [23, 24]. Numerous MCDM 
methods like TOPSIS, VIKOR, COmplex PRoportional Assessment (COPRAS), Evaluation based on 
Distance from Average Solution (EDAS), Weighted Aggregated Sum Product Assessment (WASPAS) 
and MULTIMOORA have been introduced to handle uncertain data. The application of these methods 
to decision-making problems can lead to significant alterations in the ranking results, depending on 

changes in the weight distribution of the criteria. Yazdani et al. [25] introduced Combined 

Compromise Solution method (CoCoSo) to tackle this deficiency. CoCoSo method combines weighted 
sum model (WSM) and weighted product model (WPM). This method has been employed for 
assessing medical logistics suppliers [26], evaluating 5G industries [27], supplier choice in building 
management [28], evaluation of financial risks of companies [29], assessment of recycling partners 
[30], technology assessment for the treatment of medical waste [31], sustainable reverse logistics 
service provider selection [16]; assessment of the barriers of Internet of Things (IoT) adoption for 
waste treatment in smart cities [32], stock portfolio selection [33], blockchain platform evaluation 
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[34], power battery recycling technology selection [35], group decision-making [36], unmanned aerial 
vehicles [37], and evaluation of decision-support tools for livestock farming [38]. The main drawback 
of CoCoSo is the non-inclusion of ideal and anti-ideal solutions. 
However, an FF decision aid framework has not yet been employed to select MOVs. To address this 
gap, employing advance decision-making tools like aggregation operators (AOs) and FF decision-
making approaches becomes essential. These tools have demonstrated effectiveness in consolidating 
input data for decision-making across various domains but often lack the flexibility to adapt to 
changing risk preferences in dynamic environments like metaverse. The challenge is further 
intensified by diverse perspectives of experts involved in the selection process, imposing a robust 
consensus-reaching process to ensure rational decision-making. The consolidation of all input data 
into a unified entity is effectively facilitated by the use of AOs. These AOs have proven to be highly 
valuable in various applications, including decision support, data analysis, information processing, 
shape recognition, and applications in neural networks. The existing FF AOs [9-12] are deficient in 
providing robust adaptability to evolving risk preferences within the FF environment. Besides, FFS-
based existing tools do not address the crucial aspect of the “consensus-reaching process among 
experts”. Professionals with diverse backgrounds and experiences engaged in group decision-making 
often hold views that significantly differ from one another. Consequently, there is a pressing need 
for a consensus-building procedure among practitioners to enhance agreement levels [39]. Despite 
the introduction of several consensus frameworks in prior research [40-43], none of them have been 
developed specifically with FFSs for selecting MOVs.  
  The problems mentioned above served as motivation for the development of a consensus-based FF-
improved CoCoSo model. The contributions are as follows: 

i. A pragmatic decision support model is provided to assess and prioritize MOVs. 
ii. A new generalized and resilient weighted AOs are proven by employing the 

characteristics of Generalized Dombi (GD) operations to address decision-making 
problems with FF information. 

iii. A consensus-reaching process is developed with GD-weighted AOs. 
iv. An improved version of CoCoSo method is developed under FF context by imposing IDS, 

AIDS, and UDs. 
v. Sensitivity analysis of criteria weights is performed. 

vi. A comprehensive comparative study between the proposed and established models is 
provided. 

The following section (Section 2) addresses essential concepts of the study. It also presents GD 
operations along with the corresponding weighted AOs. Lastly, it introduces the proposed FF-
improved CoCoSo method with consensus reaching. Section 3 presents a case study of MOV selection 
using this method, while Section 4 discusses results, sensitivity, and comparative analyses. Finally, 
Section 5 summarizes findings, highlights uniqueness, contributions, and also suggests future 
research directions. 
 
2. Methodology  
2.1 Basic concepts 

Definition 1 [8]: An FFS   on   is described by  , ( ), ( ) ,
i i i i

y y y y  =  where  , : 0,1  →  are 

the BG and NBG of i
y  to ,   respectively, satisfying 3 3

0 ( ( )) ( ( )) 1.
i i

y y  +  Also, we use

( ) 3 33 1 ( ( )) ( ( )) .
i i i

y y y    = − − ,  =  is used to denote a FF number (FFN) if  comprises a single 

object where  , 0,1    and 3 3
0 1.  +   
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Definition 2 [41]:  For a FFN ,=    , 

3 31
( ) (1 )

2
s = + −        (1) 

is depicted as the “score” of  .   For the FFNs 1 1 1
,  =   and 2 2 2

, ,  =   a preferencing 

procedure is:  
1 2 1 2

i )f ( ) (s s    . 

Definition 3 [41]: The basic operations between FFNs 
1 1 1

,  =   and 
2 2 2

,  =   are: 

(i) 1 1 1
, ,

c  =   

(ii) 3 3 3 33
1 2 1 2 1 2 1 2

, ,        = + −  

(iii) 3 3 3 33
1 2 1 2 1 2 1 2

, ,        = + −  

(iv) ( )33
1 1 1

1 1 , ( 0),


   = − −   

(v) ( )33
1 1 1

, 1 1 ( 0).


    = − −   

Definition 4 [16]: The distance between FFNs 1 1 1
,  =   and 2 2 2

,  =   is estimated as 

follows: 

( )3 3 2 3 3 2 3 3 2

1 2 1 2 1 2 1 2
( , ) 0.5 ( ) ( ) ( ) .D        =  − + − + −  (2) 

Definition 5 [41]: The FFWA and FFWG operators are presented by  

3
3

1 2
1

1 1

( , ,..., ) 1 (1 ) , ,j j

n nn
w w

n j j j j
j

j j

FFWA w     
=

= =

=  = − −         (3)      

3
3

1 2
1

1 1

( , ,..., ) , 1 (1 ) ,j j

n nn
w w

n j j j j
j

j j

FFWG w     
=

= =

=  = − −   (4)   

( j
w  being the weightage of , 1(1)

j
j n= ) 

Definition 6 [44]: Generalized Dombi (GD) operators introduced by Dombi are described by the 
formula: 

1
1

2

1 2

1

1
( , ) 1 ( ) 1

b
b

a r

r

GD y y y
a

−

−

=

 
   

= + −   
   

 

   (5) 

1
1

2

1 2

1

1
or ( , ) 1 ( ) 1

b
b

a r

r

GD y y y
a

−

=

 
   

= + −   
   

 

       (6) 

where 
1

( ) 1 , ( ) 1 [0 1; 1, 2]
1

b b

b br r

a r a r r

r r

y y
y a y a y r

y y

   −
= + = +   =   

−   
  with 0a  and 1b  . 

GD operations are noted for their exceptional adaptability in modifying parameters ‘a’ and ‘b’, 
which renders them superior to other existing operations. 
 
2.2 GD operations on FFNs 

GD operations on FFNs along with characteristics are presented in this section. 
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Definition 7: GD operations on FFNs , ( 1, 2)
r r r

r  =  = can be proposed as follows: 

(i) 

1 1
1 1

2 2
3 3

3 3
1 2

1 1

1 1
1 ( ) 1 , 1 ( ) 1

b b
b b

a r a r

r ra a
   

− −

−

= =

   
          = + − + −                  

   

   (7) 

 (ii) 

1 1
1 1

2 2
3 3

3 3
1 2

1 1

1 1
1 ( ) 1 , 1 ( ) 1

b b
b b

a r a r

r ra a
   

− −

−

= =

   
          = + − + −                  

   

   (8) 

(iii) ( ) ( )

1 1
1 1

3 3
3 3

1 1 1

1 1
1 ( ( )) 1 , 1 ( ( )) 1 ( 0)

b b
b b

a a
a a

    

− −

−   
      = + − + −          

   

  (9) 

(iv) ( ) ( )

1 1
1 1

3 3
3 3

1 1 1

1 1
1 ( ( )) 1 , 1 ( ( )) 1 ( 0)

b b
b b

a a
a a

     

− −

−   
      = + − + −          

   

        (10) 

Theorem 1: Let , ( 1, 2)
r r r

r  =  = be two FFNs and 1 2
, , 0    . Then, 

(i) 1 2 1 2( ) ( ) ( )     =   

(ii) 1 2 1 2( ) ( ) ( )
      =   

(iii) 1 2 1 1 1 2 1( ) ( ) ( )     + =   

(iv) 1 2 1 2

1 2 1 2( ) ( ) ( )
      +

 =    

 
2.3 FF Generalized-Dombi weighted averaging (FFGDWA) AO 

Here, FFGDWA AO is developed, and its characteristics are investigated. Throughout this sub-

section, we shall assume that , ( 1, 2,..., )
r r r

r k  =  = be a set of FFNs. 

Definition 8: If r
  denotes the weight of  r

  satisfying 
1

1
k

r

r


=

= , then FFGDWA operator is 

presented as:  

      1 2 1
( , ,..., ) ( )

k

k r r r
FFGDWA     

=
=         (11) 

Theorem 2: 1 2( , ,..., )kFFGDWA    is also a FFN and 1 2( , ,..., )kFFGDWA     

1 1
1 1

3 3
3 3

1 1

1 1
1 ( ( )) 1 , 1 ( ( )) 1r r

k kb b
b b

a r a r

r ra a

  

− −

−

= =

   
         

= + − + −         
         

   

        (12) 

Proof: Follows from Definitions 7 and 8 and Theorem 1.  
FFGDWA AO transforms to the (i) FF weighted averaging AO [8] for 1, 1a b= = ; (ii) FF Einstein 

weighted averaging AO [12] for 1, 2a b= = ; and (iii) FF Hamachar weighted averaging AO [11] for 

1b = .   
 Below are the characteristics of FFGDWA operator: 

Theorem 3: For an FFN 0 0 0
, ( )

r
   =  

, 0 1 0 2 0
( , ,..., )

k
FFGDWA        

0 1 2
( , ,..., )

k
FFGDWA   = 

. 
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Theorem 4: If 0 0 0,r r   = =  , then 1 2 0( , ,..., )kFFGDWA    = . 

Theorem 5: 1 2( , ,..., )kFFGDWA    − + where min ,max and max ,min .r r r r
r rr r

     − +
= =  

Theorem 6: If , ( 1,2,..., )r r r r k    =  = be another collection of FFNs such that , .r r r r r        

Then 1 2 1 2( , ,..., ) ( , ,..., )k kFFGDWA FFGDWA        . 

 
2.4 FF Generalized-Dombi weighted geometric (FFGDWG) AO 

Here, FFGDWG AO is developed, and it’s characteristics are surveyed. Throughout this sub-

section, we shall assume that , ( 1, 2,..., )
r r r

r k  =  =  be a set of FFNs. 

Definition 9: If r
  denotes the weight of  r

  satisfying 
1

1
k

r

r


=

= , then FFGDWG operator is 

presented as:  

  1 2 1
( , ,..., ) ( )rk

k r r
FFGDWG

   
=

=        (13) 

Theorem 7: 1 2( , ,..., )kFFGDWG     is also an FFN and 1 2( , ,..., )kFFGDWG     

1 1
1 1

3 3
3 3

1 1

1 1
1 ( ( )) 1 , 1 ( ( )) 1r r

k kb b
b b

a r a r

r ra a

  

− −

−

= =

   
         

= + − + −         
         

   

   (14) 

Proof: Follows from Definitions 7 and 8 and Theorem 1.  
FFGDWG AO transforms to the (i) FF weighted geometric AO [8] for 1, 1a b= = ; (ii) FF Einstein 

weighted geometric AO [12] for 1, 2a b= = ; and (iii) FF Hamachar weighted geometric AO [11] for 

1b = . 
The features of the FFGDWG operator are mentioned below. 

Theorem 8: For an FFN 0 0 0
, ( )

r
   =   , 0 1 0 2 0

( , ,..., )
k

FFGDWG        

0 1 2
( , ,..., )

k
FFGDWG   =  . 

Theorem 9: If 
0 0 0

,
r

r   = =   , then 1 2 0
( , ,..., )

k
FFGDWG    = . 

Theorem 10: 1 2
( , ,..., )

k
FFGDWG    − + where min ,max and max ,min

r r r r
r rr r

     − +
= = . 

Theorem 11: If , ( 1, 2,..., )
r r r

r k    =  = be another collection of FFNs such that

,
r r r r

r       , Then 
1 2 1 2

( , ,..., ) ( , ,..., )
k k

FFGDWG FFGDWG        . 

 
2.5 Improved CoCoSo with FF information 

Step 1: Formation of the aggregated FF matrix. 

We consider that i
A  ( 1, 2, ..., )i m=  are alternatives  are to be assessed by the specialists/experts

r
E (having weight r

 ) ( 1, 2, ..., )r k=  under FF environment w.r.t the criteria j
C ( 1, 2, ..., )j n= . The 

primary assessment results are depicted as the matrices 
( ) ( ) ( ) ( )

where ,
ij ij ij ij

r r r r r
m n

   


  = =   . 

The aggregated FF decision matrix is 
( ) ( ) ( )

, ,
ij ij ij

m n m n
  

 
   =      where: 

( )( ) ( ) ( ) ( ) ( )

1 2
1

( , , ..., ) ,
k

ij ij ij ij ij

l r r
r

FFGDWA     
=

= =   (15) 

or 

( )( ) ( ) ( ) ( ) ( )

1 2
1

( , , ..., ) r

k
ij ij ij ij ij

l r
r

FFGDWA
    

=
= =   (16) 
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Step 2: Obtaining desired degree of Consensus. 

The measure of correlation
( )r

j
 of the expert r

E  under the measure j
C can be expressed as: 

( ) ( )

( ) ( )
1 1 1

( )

2 2
( ) ( )

( ) ( )
1 1 1 1

1 1

( 1, 2, ..., ; 1, 2, ..., )

1 1

r rm m m
ij ij ij ij

r r
i i ij j j jr

j
r rm m m m

ij ij ij ij

r r
i i i ij j j j

m m
j n r k

m m

   

   


   

   

= = =

= = = =

    
−  −       

     
= = =

   
−  −      

   

  

   

 (17) 

where 
( )( ) ( ) ( )

max , min ,
ij ij ij

r r r
ii

  +
=

( )( ) ( ) ( )
min , max ,

ij ij ij

r r r
i i

  −
=

( )( ) ( ) ( )
max , min ,

ij ij ij

ii
  +

=

( )( ) ( ) ( )
min , max ,

ij ij ij

i i
  −

=
( ) ( ) ( )( )

( , ),
r ij ij

ij r r
D   +

=
( ) ( )( ) ( )( )

( , ),
r ij ij

j r r
D  + −

=  

( )( ) ( )
( , ),

ij ij

ij
D  +

=  and ( )( ) ( )( )
( , ).

ij ij

j
D  + −

=  

Next, for the expert r
E , the degree of consensus (DC) ( )r  is given by: 

( ) ( )

1

1
( 1, 2, ..., ).

n
r r

j

j

r l
n

 
=

= =  (18) 

If  symbolizes the minimum DC, then achieving ( )r  is necessary. For ( )
,

r  the matrices 
( )ij

r
m n




   must be updated until ( )r   is satisfied r. 

Step 3:  Estimation of criteria weights: 
     For rth expert, we present the gap between FF information related to iA and other alternatives 

under criterion
j

C by the subsequent “divergence measure”. 

1 ( ) ( )

1

( 1) ( , )
m

r ij zj

ij r r

z

m C
−

=

= −      (19) 

     where ( ) ( )
( , )

ij zj

r r
C   denoting the “cross-entropy measure” is expressed as: 
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 (20) 

The overall divergence generated by the jth criterion is presented by Eqn. (21): 

( ) ( )

1 1

1
( , )

1

m m
r ij zj

j r r

i z

C
m

  
= =

=
−
  

(21) 

Given the significance of all experts, the total divergences under Cj can be exhibited by Eq. (22): 

( ) ( )

1 1 1 1

1
( , )

1

k k m m
r ij zj

j r j r r r

r r i z

C
m

     
= = = =

= =
−

        (22) 

For the weighting vector 1 2
( , ,..., )

n
W   = , Eq. (23) describes the dispersion measure. 
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2

1

( ) log
n

j j

j

Disp W  
=

= −  (23) 

In order to enhance the capacity for information uptake, both dispersion and total divergence 
must be maximized. Therefore, using Eq. (24), one can compute the criteria weights. 

( ) ( )
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1 1 1 1 1

1
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n k m m n
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=
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−
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   


    (24) 

where weight of the jth criterion is denoted by j
  and the collection of all partial weight 

information of criteria is represented by  . 
Step 4: Generate the priority order using FF-improved CoCoSo method: 

Step 4.1: Construct the score matrix (SM) 
( )

( )
ij

m n
s


   for 

( )ij

m n



   . 

Step 4.2: Construct the extended SM (ESM) w.r.t ( )
( )

ij

m n
s


   . 

    Here, matrix ( )
( )

ij

m n
s


   is upgraded by the inclusion of IDSs and AIDSs, as defined by: 
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
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Step 4.3: Construct the normalized ESM (NESM) ( )
( )

ij

m n
S 


   corresponding to ESM.  

NEM is described as: 
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       (27) 

Step 4.4: Obtain the weighted NESM
( )ij

m n



   .The elements are depicted as: ( ) ( )

( ).
ij ij

j
s=     

Step 4.5: Calculate UD of each alternative. 
UDs of ithalternative w.r.t AID and ID values are formulated as: 
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  (28) 

Step 4.6: Compute relative compromise degree (RCD) of each alternative using Eqs. (29)-(31). 

( )

(1)

1

,i i

i m

i i

i

UD UD

UD UD
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− +

− +

=

+
=
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  (29) 

( )2
,

min min

i i

i

i i
i i

UD UD

UD UD


− +

− +
= +   (30) 
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( ) ( )

( )
3 1

max 1 max

i i

i

i i
ii

UD UD

UD UD

 


 

− +

− +

+ −
=

+ −
  (31) 

Here,   is the preference parameter and  0,1 .   Generally, 0.5 =  is chosen for 

computations.  
Step 4.7: Calculate the “overall compromise degree (OCD)” for each alternative, assessing its 

importance using Eq. (32). 

( ) ( ) ( ) ( ) ( ) ( )( )1 3 3 1 3 33
1

.
3

i i i i i i i
      = + + +   (32) 

Step 4.8: Alternatives are ranked according to their OCD values, with the alternative possessing 
the highest value identified as the most preferred. A higher OCD value reflects a stronger preference 
for the respective alternative. 
 

3. Case study 
A mid-sized Indian firm, Green Gear Innovations, aims to adopt a multi-criteria framework to 

evaluate potential outsourcing vendor for precision gearbox manufacturing. The goal is to integrate 
sustainability metrices into procurement decisions, aligning with global standards. The company 
prioritizes vendors that align with its sustainability goals while maintaining cost efficiency and quality. 
The selection process involves for vendor alternatives (A1, A2, A3, A4) based on several beneficial 
criteria namely: carbon emission reduction (C1), energy efficiency rating (C2), waste recycling rate 
(C3), labor standards compliance (C4), health and safety index (C5), cost competitiveness (C6) and 
on-time delivery rate (C7). To facilitate this process and in order to identify and evaluate the 
considered vendors, a committee of four experts was formed. The primary evaluations of the four 
experts are displayed in Tables 1 and 2 respectively.  

 

Table 1  
Linguistic variables and their corresponding FFNs 

Linguistics variable FFNs Linguistics variable FFN 

AI: Absolutely important <0.95, 0.2> F: Fair <0.6, 0.7> 

VVI: Very-very important <0.9, 0.3> U: Unimportant <0.5, 0.8> 

VI: Very important <0.85, 0.4> SU: Slightly unimportant <0.4, 0.85> 

SI: Slightly important <0.8, 0.5> VU: Very unimportant <0.3, 0.9 

I: Important <0.75, 0.6> VVU: Very-very unimportant <0.2, 0.95> 

 
Table 2  
Primary assessment outcomes 

 Expert 1 Expert 2 

Criteria A1 A2 A3 A4 A1 A2 A3 A4 

C1 I I SU I I F VVI F 

C2 SU I SI I U SI VVI SI 

C3 F F I SU SU U SI F 

C4 F I I F I F SI SI 

C5 I I F I VI F VI U 

C6 I F SI I F F I SI 

C7 F AI F I VVU SI F AI 
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Table 2  
Continued 

 Expert 3 Expert 4 

Criteria A1 A2 A3 A4 A1 A2 A3 A4 

C1 I VU I U AI SI SI SI 

C2 F U U I I SI I F 

C3 I SI F F SI F VU VU 

C4 VI F U U I SI F I 

C5 SI SI SI U F F VI SI 

C6 F U SI AI U I I SI 

C7 U SI I SI F I U F 

 
4. Result and discussion 
4.1 Results 

 Assuming weights of the specialists as 0.27, 0.30, 0.20, and 0.23 are assumed, the merged FF 
matrix (Table S1 of the supplementary material) is constructed. Assume the minimum consensus 

degree is 0.50. = The experts’ DCs are calculated (using Eqs. (8) and (9)) as: (1)
,0.2680 =

(2)
,0.8098 =

(3)
0.5794 = and (4)

0.2342 = . Since (1) (4)
, 0.50,   few observations w.r.t 1st and 

4thexperts need to be updated. The updated assessment values are presented in Table S2 of the 
supplementary material. Next, we form the revised aggregated matrix (Table S3 of the 

supplementary material). The DCs are computed again using Eqs. (17) and (18) as: (1)
,0.6479 =

(2)
,0.7154 =

(3)
0.5371 =  and (4)

0.5473 = . Since ( )
0.50

r  ( 1, 2, 3,4),r =  desired consensus is 

achieved. 
Next, considering that the partial weight information of criteria is provided by: 

1 3 5 6 4 7
{ , , }      =    Then based on Eqs. (19)-(24), we obtain: 

( ) ( ) ( )

( ) ( ) ( )

( )

1 2 1 2 2 2 3 2 3

4 2 4 5 2 5 6 2 6

7 2 7

  0.6794 0.3839 0. 4920

0.2862 0.9196 0.3726

1.4134

Max Z log log log

log log log

log

     

     

 

=  − +  − +  −

+  − +  − +  −

+  −
 

1 3 5 6 4 7

1 2 3 4 5 6 7

1 2 3 4 5 6 7

, , ,

Subject to 1,

, , , , , , 0

     

      

      

  


+ + + + + + =
   

Solving, we get: Max  =3.6221 and 1 2 3 4
0.3160 0.1109 0.1093 0, , , ,.1254   = = = =

5 6 7
0.1065 0.1064, 0.1254,  = = = . 

Next, SM corresponding to the aggregated FF decision matrix is constructed, and the extended 
SM (ESM) is formed based on Eqs. (25) and (26). Eq. (27) is applied to construct normalized ESM 
(NESM) and weighted NESM. UD of each alternative is then obtained using Eq. (28), and 
subsequently, RCD of each alternative is calculated using Eqs. (29), (30), & (31). Finally, OCD of each 
alternative is computed by making use of Eq. (32). UDs, RCDs, and OCDs of the alternatives are 
presented in Table 3. This table also shows the priority order, and the most favourable MOV is “A4”. 
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Table 3 
Results of FF-CoCoSo model 

Alternative 
UDs RCD  

OCD 
iUD
−

 iUD
+

 
(1)

i  
(2)

i  
(3)

i  

A1 1.33848 0.76336 0.24529 2.04570 0.94854 1.86051 

A2 1.30858 0.74631 0.23981 2.00000 0.92735 1.81895 

A3 1.39849 0.79759 0.25629 2.13741 0.99107 1.94393 

A4 1.41110 0.80478 0.25860 2.15668 1.00000 1.96145 

 

4.2 Sensitivity analysis (SA) 
SA is undertaken to investigate the impact of criteria weights on alternative prioritizations. In this 

process, assumptions are made regarding the incremental increase and decrease of each criterion 
weight by 10%, 20%, 30%, 40%, and 50%, respectively. Results are shown in Fig. 1 to Fig. 7. In each 
figure, ten scenarios of variations (S1: 50% decrease, S2: 40% decrease, S3: 30% decrease, S4: 20% 
decrease, S5: 10% decrease, S6: 10% increase, S7: 20% increase, S8: 30% increase, S9: 40% increase, 
and S10: 50% increase) along with the original value of a particular criteria weight have been 
presented. “Spearman's rank correlation coefficient” (SRCC) values [45] corresponding to the 
scenarios are presented in Tables S4-S10 (supplementary material). The average SRCC values for 
weight variations of C1, C2, C3, C4, C5, C6, and C7 are 0.76, 0.98, 0.92, 1.00, 0.92, 0.98, and 0.80, 
respectively. A mean SRCC exceeding 0.75 indicates a “strong correlation” [45] among the 
alternatives’ order of importance. Additionally, out of 70 scenarios (accounting for all criteria), it is 
evident that (i) A4 is ranked first in 53 scenarios (75% of scenarios), and (ii) the ranking orders match 
those obtained in Sub-section 6.1 for 44 scenarios (62% of scenarios). These findings collectively 
advocate the credibility of the obtained results. 

 

 
Fig. 1. Sensitivity analysis of C1 

 
Fig. 2. Sensitivity analysis of C2 

 



Spectrum of Mechanical Engineering and Operational Research 

Volume 2, Issue 1 (2025) 231-247 

242 
 

 

 
Fig. 3. Sensitivity analysis of C3 

 

 
Fig. 4. Sensitivity analysis of C4 

 

 
Fig. 5. Sensitivity analysis of C5 

 

 
Fig. 6. Sensitivity analysis of C6 
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Fig. 7. Sensitivity analysis of C7 

 

4.3 Comparative study 
Comparing the proposed FF decision support model with other existing FF models like FF-

MARCOS, FF-TOPSIS, and FF-COPRAS is the goal of this section. Tables S11-S13 (supplementary 
material) illustrate the specific outcomes of the application of these techniques to the case study 
covered in Section 5. The rating rankings provided by FF-MARCOS, FF-TOPSIS, and FF-COPRAS models 
are as follows: 4 3 2 1 3 4 1 2 4 1 3 2, , .A A A A A A A A A A A A  However, the proposed model 

has generated a ranking order of 4 3 1 2A A A A which differs slightly from these orders. 

Nonetheless, the SRCC value of each of FF-MARCOS, FF-TOPSIS, and FF-COPRAS in comparison to the 
proposed method is 0.80 which indicates a strong correlation between the proposed and existing 
methods. The primary benefits of the proposed method are as follows: 

i. The Generalized-Dombi AOs, the proposed model offers a significant degree of flexibility 
for experts to select the most suitable parameters according to the consensus-reaching 
process. 

ii. The proposed model incorporates decision-makers' processes for reaching consensus, a 
feature absents in existing FFS-based. Biases are mitigated by the proposed model, 
making the process more rational and feasible. 

iii. The proposed model accounts for the challenges in group decision-making scenarios, 
computes uncertain information, and emphasizes on appropriate estimation of criteria 
weights. 

iv. The proposed FF-improved CoCoSo model is free from the shortcoming occurred in 
CoCoSo as it includes both IDSs and AIDSs and UD of each alternative related to IDSs and 
AIDSs. 

 
 
5. Conclusions 

The process of choosing an appropriate MOV is intricate and multidimensional. This problem is 
brought on by the engagement of multiple specialists, a large number of possible vendors, and 
multiple criteria that must be taken into account at the same time. The decision-making process is 
further complicated by the possibility that various experts would consider criteria differently. 
Because expert assessments are frequently subjective and provide ratings that are imprecise and 
occasionally ambiguous, the process becomes even more unpredictable. The use of MCDM methods 
in the manufacturing environment has become more and more important as a result of these 
difficulties. Even in cases when expert opinions are ambiguous or contradictory, MCDM methods are 
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made to manage such complications by methodically assessing options according to a number of 
criteria. 

 In considering the systematic expression of uncertain and imprecise information, FFS is viewed 
as an advanced iteration of FS and intuitionistic FS. Existing AOs developed for amalgamating FF 
information have shown limited flexibility and generality. Building upon the concept of GD 
operations, new operations between FF numbers have been introduced in this study. Subsequently, 
FF Generalized-Dombi weighted averaging AO has been formulated, and its fundamental 
characteristics have been discussed. Then the proposed FF-improved CoCoSo model is applied for 
evaluating MOVs   to improve the sustainability, and competitiveness of a manufacturing firm. To 
improve the manufacturing organization's overall performance and efficiency, the case study looks 
at the important management factors that can be utilized to implement the best MOV. This 
consensus-based process reduces the effects of biased experts. The estimation of criteria weights is 
achieved through an optimization model that incorporates cross-entropy and dispersion measures, 
while the effectiveness of the developed model in addressing group decision-making problems in FF 
scenarios is demonstrated by comparative analyses. 

The future research can explore extending the model to dynamic decision-making environments, 
where criteria weights or vendor performance fluctuate over time in response to SC volatility. 
Additionally, incorporating advanced FSs such as q-rung orthopair or spherical may enhance its ability 
to handle uncertainty. Introducing hierarchical criteria structures could also improve its effectiveness 
in evaluating complex manufacturing scenarios. 
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