
 

1066                                                                                                                                                                                                    Technical Gazette 32, 3(2025), 1066-1075 

ISSN 1330-3651 (Print), ISSN 1848-6339 (Online)                                                                                                                           https://doi.org/10.17559/TV-20250223002410 
Original scientific paper 

 
 

A Fuzzy Decision-Making Approach to Electric Vehicle Evaluation and Ranking 
 

Danijela TADIĆ, Jovanka LUKIĆ, Nikola KOMATINA, Dragan MARINKOVIĆ, Dragan PAMUČAR* 

 
Abstract: One of the key challenges facing the modern automotive industry is aligning customer demands with increasingly stringent environmental regulations and policies. 
In addition to introducing various modifications and improvements to internal combustion engine vehicles, manufacturers are increasingly focusing on the development of 
electric and hybrid vehicles. Moreover, the goal is to ensure that the product remains both cost-effective for manufacturers and sufficiently affordable for potential customers. 
This study addresses the problem of selecting electric vehicles based on features that are significant from both the customer and manufacturer perspectives. The objective 
of this research is to evaluate and rank electric vehicle models from various global manufacturers based on features collected and integrated from diverse literature sources. 
A total of 18 electric vehicle models were analysed and assessed according to 10 features. This research introduces a fuzzy multi-criteria decision-making model for 
mathematically determining the rank of electric vehicles. The obtained results serve as input data for benchmarking and optimizing business strategies in automotive 
companies, which represents the practical contribution of this study. The evaluation of the relative importance of features is framed as a fuzzy group decision-making problem, 
where decision-makers express their assessments using predefined linguistic terms modelled with triangular fuzzy numbers. The ranking of the analysed electric vehicles is 
conducted using modified fuzzy TOPSIS and fuzzy COPRAS methods, which constitute the main scientific contribution of this research. A methodology for ranking similarity 
comparison was applied to examine the consistency of the results obtained through these two methods. 
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1 INTRODUCTION 
1.1 Sustainable Alternative for Electric Vehicles 
 

Changes in the business environment, such as the 
development of new technologies and increased demands 
for environmental protection, generate demands from 
customers of automotive companies to develop new 
strategies for sustainable transportation. One way to 
achieve sustainable transportation is through the 
development of electric vehicles (EVs). China currently 
produces two-thirds of the world's EVs. In the first-half of 
2024, electric car sales increased by around 25% compared 
to the same period in 2023, driven by strong performance 
in China, which accounted for 60% of global sales [1]. 

Nowadays, many automotive companies produce EVs 
that use lithium-ion batteries. Research findings in this 
field, as well as results obtained during the exploitation of 
these batteries, indicate the necessity of replacing               
lithium-ion batteries with sodium-ion batteries [2, 3]. 

This assertion is based on two reasons. First, mining 
and extracting lithium ore significantly and irreversibly 
damages the environment and depletes water reserves, 
which are considered the most crucial resource of this 
century. On the other hand, sodium is found in rock salt 
and saline deposits worldwide and can be easily obtained 
through the electrolysis of table salt. The second reason, 
which is economic and less important than the ecological 
one, is that the production of sodium-ion batteries requires 
significantly lower costs compared to lithium-ion batteries. 

Today, research centers around the world, as well as 
many companies, are developing sodium-ion batteries with 
desirable characteristics. For instance, at the Korea 
Advanced Institute of Science and Technology, a                 
sodium-ion battery has been developed with high storage 
capacity and fast charging and discharging rates. The 
Swedish company Northvolt has produced a sodium-ion 
battery that is safer than lithium-ion batteries because it 
does not contain lithium, nickel, manganese, or cobalt and 
is made from raw materials abundantly available in nature. 
Research conducted at this company shows that               
sodium-ion batteries can withstand three times higher heat 

exposure than lithium-ion batteries, making energy storage 
significantly safer. At the beginning of last year, China 
began constructing the world's largest factory for                       
sodium-ion battery production. Some Chinese automotive 
companies have started producing EVs with sodium-ion 
batteries, representing a major innovation in the EV 
market. 

The choice of EVs by customers is almost always 
based on the evaluation of numerous features of EVs. It can 
be considered that defining EV features is a task in itself. 
In this research, the set of features is based on literature 
data [4-7] as well as best practice experience. It is worth 
noting that these features can also be used when evaluating 
vehicles powered by other alternative energy sources. 
Furthermore, in the relevant literature, there are also 
studies in which authors ranked vehicles of different types 
and purposes based on various criteria. For example, in the 
study [8], the authors conducted an analysis and selection 
of a Small Electric Vans. 
 
1.2 Application of TFNs for Modelling the Relative 

Importance of EV Features 
 

Many authors believe that decision-makers (DMs) can 
express their assessments of the relative importance of EV 
features more accurately using natural language. The fuzzy 
set theory allows for uncertainty, imprecision, randomness, 
and ambiguity in data to be quantitatively represented. In 
this research, existing uncertainties in the relative 
importance of features are modelled using triangular fuzzy 
numbers (TFNs). It can be stated that TFNs capture the 
uncertainties of natural language sufficiently well while 
not requiring more complex calculations. Therefore, many 
authors recommend using TFNs for modelling various 
uncertainties and imprecisions. In this research, the authors 
considered that uncertainties in the relative importance of 
features can be adequately modelled by using TFNs. 

In previous studies [9-13], the relative importance of 
evaluation attributes, described using linguistic 
expressions modelled by TFNs as in this manuscript, or 
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TrFNs [14-17], suggests using a common measurement 
scale for assessing the relative importance of attributes. 

Some authors recommend employing a seven-point 
scale [15, 16], which is also adopted in this research. In 
other analyzed studies, authors use five linguistic 
expressions to describe the relative importance of 
attributes. The domains of fuzzy numbers are defined on 
common measurement scales [10, 12, 13], as in this 
research. 

The determination of relative importance is framed as 
a fuzzy group decision-making problem [15, 16]. Given the 
nature of the problem, it can be assumed that determining 
the weights of features should also be treated as a fuzzy 
decision-making problem. Each decision-maker (DM) 
evaluates the relative importance of the considered features 
using one of the pre-defined linguistic expressions 
modelled by TFNs. 

When all DMs are equally significant in the                  
decision-making process, the relevant literature most 
commonly employs the fuzzy arithmetic mean [15] or the 
fuzzy root mean square [16], as in this paper. The authors 
believe that using the fuzzy root mean square enhances the 
accuracy of determining feature weights. 

Some researchers argue that applying multi-attribute 
decision-making (MADM) methods extended with fuzzy 
set theory [10, 12, 13, 18] provides more accurate values 
for the weights vector. Considering that fuzzy MADM 
applications involve greater computational effort, other 
analyzed studies determine the weights vector based on 
DM assessments [9, 11, 15, 16], as is done in this research. 

In the studies by [11] and [9], the elements of the 
weights vector are crisp. In this paper, the feature weights 
are determined using a linear normalization procedure [19] 
combined with fuzzy algebra rules [20, 21]. Through this 
approach, the weights of features are described by TFNs. 
 
1.3 An Analysis of Fuzzy MADM Methods for EV Model 

Ranking 
 

Based on purchasing management practices in the 
automotive industry, it is well-known that customers 
evaluate EV models based on numerous features, which 
often conflict with one another. The problem becomes 
significantly more complex when considering the 
assumption that the weights of the evaluated features are 
described by uncertain numbers and hold varying relative 
importance. This issue can be formulated as a MADM 
problem under uncertain conditions. The solution to the 
considered problem can be obtained by applying various 
MADM methods extended with fuzzy set theory [22-26], 
as well as by applying other approaches for describing 
imprecision and uncertainty, such as (fuzzy) rough sets [27, 
28]. It should be noted that the application of different 
MADM methods does not necessarily yield a unique 
solution [29, 30]. Therefore, it is considered a good 
practice to compare the solutions obtained by different 
methods before providing recommendations, as 
demonstrated in this manuscript. 

In this research, two fuzzy MADM methods are 
proposed for ranking various alternative-powered vehicle 
models: (i) TOPSIS [31] extended with triangular fuzzy 
numbers (FTOPSIS), which is the most widely used in the 

literature [32], and (ii) COPRAS [33] extended with 
triangular fuzzy numbers (FCOPRAS). 

The decision matrix element values can be crisp, as in 
this research, or uncertain, as demonstrated in previous 
studies [9-16, 34]. It is common for features to conflict and 
to be expressed in different units of measurement. 
Therefore, it is necessary to transform the decision matrix 
into a normalized decision matrix to make the element 
values comparable. In the analyzed studies, authors most 
commonly applied: (i) linear normalization procedures [10, 
11, 16, 34], and (ii) linear normalization procedures 
combined with fuzzy algebra rules [9, 15]. 

In this research, the normalized decision matrix is 
constructed by applying the Jüttler-Korth procedure            
[35-37], which distinguishes this work from other analyzed 
studies. The weighted fuzzy decision matrix is derived 
following the additive principle and fuzzy algebra rules, as 
described in this paper. In the literature, numerous studies 
describe procedures for determining the Fuzzy Positive 
Ideal Solution (FPIS) and Fuzzy Negative Ideal Solution 
(FNIS) based on the approach proposed by [11, 14, 16, 34, 
38]. In this research, FPIS and FNIS are determined using 
the vertex method [39], which differentiates this study 
from other analyzed papers. 

When using the procedure proposed by [38], the 
distance between elements of the fuzzy decision matrix and 
FPIS/FNIS are crisp values, which are propagated into the 
calculation of closeness coefficient values using the 
conventional TOPSIS procedure. While this simplifies the 
problem significantly, it also reduces the accuracy of the 
obtained solution. In this research, distance values and 
closeness coefficient values are determined using a 
procedure that combines conventional TOPSIS with fuzzy 
algebra rules [20, 21]. In this way, the calculated values are 
described by TFNs. The ranking is determined based on 
precise closeness coefficient values obtained using a 
defuzzification procedure. 

In paper [12] authors transformed the fuzzy decision 
matrix into a crisp decision matrix using a defuzzification 
procedure and ranked alternatives using conventional 
COPRAS. In many other studies [9, 10, 13, 15], as in this 
research, proposed procedures in conventional COPRAS 
combined with fuzzy algebra rules were used to calculate 
index values [9], transformed the calculated index values 
into crisp values through a defuzzification procedure and 
obtained the ranking using conventional COPRAS. In 
other studies [10, 13, 15], as in this manuscript, the 
significance coefficient values were determined using 
conventional COPRAS and fuzzy algebra rules, and these 
values were described by uncertain data. The ranking was 
determined using representative scalars obtained through a 
defuzzification procedure. The authors of this paper 
believe that this approach improves the accuracy of 
ranking. 

This study indirectly represents an upgrade and 
continuation of the research conducted by [40], where the 
authors addressed the problem of evaluating and ranking 
small Battery Electric Vehicles. In this paper, a larger 
number of features were considered, along with the 
inclusion of other EV models. Moreover, various MADM 
methods extended by the application of fuzzy logic were 
utilized, which was not the case in the aforementioned 
study. 
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By comparing the analyzed papers with the proposed 
models, it can be concluded that certain differences, as 
described above, exist. This analysis also highlights the 
advantages of the proposed MADM models. The 
development of an appropriate methodology for ranking 
EV models in an uncertain environment serves as the 
motivation for this research. 

The development of an appropriate methodology for 
ranking EV models in an uncertain environment can be 
identified as the motivation for this research. 

The broader objective of this research can be 
interpreted as the integration of the following methods: a) 
expressing the relative importance of features as a fuzzy 
group decision-making problem and determining feature 
weights using the fuzzy root mean square; b) determining 
the rank of EV models by applying the proposed FTOPSIS 
and FCOPRAS methods; and c) comparing the obtained 
results. 

The rest of the paper is organized as follows: Section 
2 presents the proposed FTOPSIS and FCOPRAS models. 
These models are illustrated with real-life data in Section 
3, and Section 4 provides the conclusion. 
 
2 MATERIALS AND METHODS 
 

The proposed model can be divided into three parts 
(Fig. 1). In the first part, the importance of EV features is 
determined. In the second part, the ranking of EVs is 
established using the FTOPSIS method, while in the third 
part, the ranking of EVs is determined using the FCOPRAS 
method. Finally, a comparison of the obtained results is 
performed. 
 

 
Figure 1 The proposed model 

 
Decision makers (DMs) participating in this research 

belong to different economic sectors, such as private, 
research, and consultancy. Formally, DMs are represented 
by a set of indices {1, …, e, …, E}. The total number of 
DMs is denoted as E. The index of a DM is marked as e,            
e = 1, …, E. 

The decision makers include one employee from the 
University of Kragujevac conducting research in the 
automotive industry, one researcher specializing in 
renewable energy sources, one expert from a Serbian 
company engaged in the production of electric vehicles, 
and one fleet manager in a taxi company that operates 
electric/hybrid vehicles. 
 
2.1 Definition of a Finite Set of EVs 
 

According to automotive industry practices, it is 
known that the use of EVs varies across different countries. 

The set of vehicle models considered in this research was 
defined through a panel discussion. The panel discussion 
lasted approximately 60 minutes. The DMs based their 
evaluations primarily on their knowledge, experience, 
literature sources, and business reports from automotive 
companies. 

Generally, the identified models of alternative-
powered vehicles can be represented by the set of indices, 
{1, …, i, …, I}. where I denotes the total number of 
considered models, and the index of each model in the set 
is represented as i, i = 1, …, I. 

Many authors [41, 42] believe that the selection of 
features used to evaluate the treated EVs should be based 
on satisfying the dynamic demands of customers. The most 
commonly considered features important to customers are: 
color, style, quality, size, battery capacity, charging time, 
etc. According to [4], the most important features are 
battery capacity, charging time, driving range, 
acceleration, etc. 

Formally, the set of features is represented by a set of 
indices {1, …, k, …, K}. . The total number of features is 
denoted as K, and k, k = 1, …, K is the index of each feature. 
 
2.2 Choice of Appropriate Linguistic Variables for 

Describing the Relative Importance of Features and 
Determining Weights Vector 

 
The importance or weight of criteria can be determined 

in various ways. Primarily, criteria can be compared 
pairwise based on assessments provided by DMs, 
expressed through direct evaluation by DMs, or 
determined using objective, mathematically based methods 
[43]. 

In this research, it is assumed that the relative 
importance of features can best be assessed by DMs using 
natural language expressions. The development of fuzzy 
sets theory has enabled linguistic terms to be quantitatively 
represented in a sufficiently precise manner. In other 
words, linguistic terms are modelled by fuzzy numbers 
characterized by three main aspects: the shape of the 
membership function, granulation, and domain. 

In the relevant literature, the relative importance of 
features is commonly described using linguistic 
expressions modelled by triangular fuzzy numbers (TFNs) 
or trapezoidal fuzzy numbers (TrFNs). In this research, the 
authors argue that TFNs sufficiently capture the 
uncertainty and imprecision inherent in natural language 
expressions, ensuring satisfactory result accuracy. 
Additionally, triangular membership functions require less 
computational complexity compared to trapezoidal 
membership functions or functions described by                
higher-order polynomials. 

The literature does not provide specific 
recommendations or rules for determining the granulation 
and domain of fuzzy numbers. Based on relevant sources, 
the number of linguistic expressions is primarily 
determined by the size of the problem. Some authors 
propose linguistic rating systems, such as seven-point 
scales [44, 45], which are adopted in this research. The 
domains of TFNs are defined on the real line within a 
specified interval. In this study, domains of TFNs are 
defined into a common measurement scale [46]. 
Determining the upper and lower bounds and the modal 
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values of TFNs can be considered a challenge in its own 
right. Typically, these values are derived from relevant 
literature and the authors' expertise. 

The linguistic expressions and their corresponding 
TFNs for describing the relative importance of features are 
represented as follows: 

 low importance (W1):(1, 1, 2.5), 
 very low importance (W2):(1.5, 3, 4.5), 
 fairly low importance (W3):(2.5, 4, 5.5), 
 medium importance (W4):(3.5, 5, 6.5), 
 fairly high importance (W5):(4.5, 6, 7.5), 
 high importance (W6):(5.5, 7, 8.5), 
 extremely high importance (W7):(7.5, 9, 9). 
The value of 1 or 9 denotes that the relative importance 

of attributes is the lowest or highest, respectively. 
In this research, the determination of feature weights 

is formulated as a fuzzy group decision-making problem. 
The assessment of the relative importance of each feature 
k, k = 1, …, K is conducted by all DMs. Formally, each DM 
may use one of the predefined linguistic expressions to 
describe the relative importance of each considered feature, 

which can formally be represented by the TFN, 
e
kW : 

 

  , , 
e e e e
k k k kW a b c                                                               (1) 

 
It is assumed that all DMs have equal importance in 

the decision-making process. The aggregated fuzzy 
relative importance of feature k, k = 1, …, K is given by 
applying the fuzzy quadratic mean, such that: 
 


     2 2 2

1, ..., 1, ..., 1, ..., 

1 1 1
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 
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The normalized weights vector: 
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k
K



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                                                                                 (3) 

 
where: 
 

 


1, ..., 

k
k

KK k

W

W







                                                                                 (4) 

 
2.3 The Proposed FTOPSIS 
 

The proposed FTOPSIS method is realized through the 
following steps: 

Step 1. The decision matrix is stated as follows: 
 
[xik]I×K                                                                                    (5) 
 
where: xik is the value of feature k, k = 1, …, K for vehicle 
model i, i = 1, …, I obtained from the literature; these 
values are described by precise numbers. 

Step 2. The normalized fuzzy decision matrix is 
constructed by applying the Juttler-Korth normalization 
[36]: 
 
[rik]I×K                                                                                    (6) 
 
where: a) benefit type: 
 

max

max
1 k ik

ik
k

x x
r

x


                                                                                   (7) 

 
b) cost type: 
 

min

min
1 k ik

ik
k

x x
r

x


                                                                                   (8) 

 
and 

 
max

1, ..., 
maxk ik

i I
x x


                                                                                  (9) 

 
min

1, ..., 
mink ik

i I
x x


                                                                               (10) 

 
Step 3. The construction of the weighted normalized 

fuzzy decision matrix is based on the product principle: 
 

ik
I K

z


  
                                                                               (11) 

 

Step 4. Determining the FPIS, kz
  and FNIS, kz

 , 
according to the veto concept, is done as follows: 
 

 1, 1, 1kz

                                                                        (12) 

 

 0, 0, 0kz

                                                                        (13) 

 

Step 5. Determining the distances from FPIS,  kd


 and 

FNIS,  kd


 is based on fuzzy algebra rules [21], as follows: 
 

  1, ..., k ikk k K
d z z
 


                                                      (14) 

 

  1, ..., ik kk k K
d z z
 


                                                      (15) 

 

Step 6. The fuzzy closeness coefficient, i  is 

calculated as follows: 
 

 

 
i

i
i i

d

d d




 



                                                                       (16) 

 

Step 7. The representative scalars, i  of TFNs i  are 

calculated by applying the defuzzification procedure, 
which is referred to as the averaging method [47]. 
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Step 8. Let's sort the values of i  in descending order. 

Based on the values of i  the rank of alternatives is 

determined. 
 
2.4 The Proposed FCOPRAS 
 

The proposed FCOPRAS method is implemented 
through the following steps: 

Step 1. The decision matrix is stated as follows: 
 
[xik]I×K                                                                                    (17) 
 

Step 2. The normalized fuzzy decision matrix is 
constructed: 
 
[rik]I×K                                                                                   (18) 
 
where: 
 

max

max
1 k ik

ik
k

x x
r

x


                                                                             (19) 

 
max

1, ..., 
maxk ik

i I
x x


                                                                              (20) 

 
Step 3. The construction of the weighted normalized 

fuzzy decision matrix is based on the multiplication 
principle: 
 

ik
I K

z


  
                                                                                (21) 

 

Step 4. Determine the index values,  iS  and  iR , as 
follows: 
 


1, ... , 
, 1, ..., iki i I

'S z k K


                                            (22) 

 


1, ... , 
, 1, ..., i iki I

R K'z k K


                                       (23) 

 
The total number of features of benefit type is K ' . 
Step 5. Let us calculate the relative significance of the 

considered car models as follows: 
 

 





1

1

1

ii ,...,I
ii

i i ,...,I
i

R
S

R
R

 



 
   
 




                                            (24) 

 

Step 6. The representative scalars, i  of TFNs i  are 

calculated by applying the defuzzification procedure 
known as the averaging method [47]. 

Step 7. Let us sort the values of i  in descending 

order. The ranking of the alternatives is determined based 
on the values of i . 

 
 
 
 
 

2.5 Comparison of Obtained Results 
 

In order to determine the consistency of the obtained 
results, [30, 48] defined the ranking similarity coefficient, 
WS. This coefficient is calculated as follows: 
 

 
1 2

1 , 

I x yR i ixi

i x xi i

R R
WS

max R I R

 
  

 
                                      (25) 

 
According to [30, 48], a WS coefficient value lower 

than 0.234 indicates that there is no similarity in ranking. 
If the coefficient value is between 0.352 and 0.689, there is 
a certain degree of similarity in ranking, but it is moderate. 
In cases where the coefficient value exceeds 0.808, the 
similarity in ranking is considered absolute. There are also 
intermediate values that can be discussed. 
 
3 CASE STUDY 
 

In the last decade, many automotive companies have 
started developing and manufacturing electric vehicles 
(EVs). Consequently, the literature contains data on 
various types of EVs that use lithium-ion batteries, which 
served as the basis for testing the methodology developed 
in this study using these input data. 

Sport utility vehicles (SUVs) accounted for two-thirds 
of the battery-electric models available on the market, 
according to Global EV Outlook 2023. In 2023, there were 
about 590 electric car models available, a 15% rise from 
the previous year. Even though small and compact models 
are more suited for urban use, consumers tend to prefer 
larger, longer-range cars for their primary vehicles. 
Customers' decisions may also be influenced by SUVs' 
higher marketing expenditures relative to smaller models. 
Therefore, making the switch to electric vehicles in the 
SUV and larger car classes can result in rapid and 
significant reductions in CO2 emissions. Electrification 
also has significant advantages in terms of lowering non-
tailpipe emissions and air pollution, particularly in 
metropolitan areas [1]. 

In this research, considered EV models are: BYD 
ATTO 3 (i = 1), Volkswagen ID.4 Pro (i = 2), Kia Niro EV 
(i = 3), Renault Scenic E-Tech EV87 220 hp (i = 4), BMW 
iX1 xDrive30 (i = 5), Skoda Enyaq 85 (i = 6), Kia EV6 
Long Range 2WD (i =7), Toyota bZ4X FWD (i = 8), 
Hyundai IONIQ 5 Long Range 2WD (i = 9), Mercedes 
Benz EQB 250+ (i = 01), Nissan Ariya 87 kWh (i = 11), 
Audi Q4 e-tron 45 (i = 12), Peugeot e-3008 73 kW (i = 13), 
Ford Explorer Extended Range RWD ሺ𝑖 ൌ 14ሻ, Mazda 
MX-30 ሺ𝑖 ൌ 15ሻ, BMW iX2 xDrive30 (i = 16), Subaru 
Solterra AWD (i = 17), and Volvo EX Single Motor ER      
(i = 18). The SUV C-segment includes all vehicles, and 
manufacturer websites include information about EVs.  

The set of features used to evaluate EVs is defined 
based on the results of research [4-7] and the experience of 
best practices. These features are: driving range (k = 1), 
price (expressed in euros) (k = 2), nominal capacity battery 
(kWh) (k = 3), usable battery capacity (kWh) (k = 4), 
charging time (expressed in hours) (k = 5), seating capacity 
(k = 6) torque (Nm) (k = 7), power (kW) (k = 8), top speed 
(km/h) (k = 9), and acceleration (0 - 100 km/h, s)                     
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(k = 10). The EV feature (k = 2) is of the cost type. The 
other considered EV features are of the benefit type. 
 
3.1 Determining of Weights Vector 
 

The relative importance of the treated EV features is 
assessed by four DMs, as presented in Tab. 1. 

 
Table 1 Fuzzy rating of the relative importance of EV features 

 k = 1 k = 2 k = 3 k = 4 k = 5 
e = 1 W7 W6 W6 W6 W6 
e = 2 W7 W6 W5 W4 W1 
e = 3 W7 W6 W4 W6 W7 
e = 4 W6 W6 W5 W5 W6 

 
 k = 6 k = 7 k = 8 k = 9 k = 10 

e = 1 W4 W4 W4 W3 W4 
e = 2 W1 W6 W5 W2 W3 
e = 3 W5 W6 W6 W6 W6 
e = 4 W4 W6 W5 W5 W6 

 
The normalized weights vector of EV features is 

calculated, so that: 

     
     
     
     


1 2

3 4

5 6

7 8

9

0 093, 0 136, 0 145 ; 0 072, 0 111, 0 175 ;

0 060, 0 096, 0 155 ; 0 063, 0 100, 0 160 ;

0 071, 0 106, 0 156 ; 0 044, 0 074, 0 125 ;

0 067, 0 104, 0 165 ; 0 060, 0 096, 0 155 ;

0 051, 0

. . . . . .

. . . . . .

. . . . . .

. . . . . .

. .

 

 

 

 



 

 

 

 

     10083, 0 137 ; 0 058, 0 094, 0 151. . . . . 

 

 
3.2 An Application the Proposed FTOPSIS 
 

The decision matrix (Step 1 of the proposed 
Algorithm) is presented in Tab. 2. 

By applying the proposed FTOPSIS (Step 2 to Step 4), 
the normalized weighted fuzzy decision matrix is 
constructed and presented in Tab. 3 and Tab. 4. 

The calculated values of distances from FPIS and 
FNIS, the approximation coefficient, and the ranking of 
considered EV models (Step 5 to Step 8 of the proposed 
Algorithm) are presented in Tab. 5. 

Table 2 The decision matrix 
 k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 k = 9 k = 10 

i = 1 330 37990 62 60.5 6.5 5 310 150 160 7.3 
i = 2 435 46335 82 77 8.25 5 545 210 180 6.7 
i = 3 385 45690 68 64.8 7 5 255 150 167 7.8 
i = 4 490 48900 92 87 4.75 5 160 300 170 7.9 
i = 5 380 55000 66.5 64.7 7 5 494 230 180 5.6 
i = 6 450 48900 82 77 8.25 5 545 210 180 6.7 
i = 7 410 51900 77.4 74 8 5 350 168 185 7.3 
i = 8 340 47490 71.4 64 11.3 5 265 150 160 7.5 
i = 9 390 47900 77.4 74 8 5 350 168 185 7.3 
i = 10 415 53514 73.9 70.5 7.75 7 385 140 160 8.9 
i = 11 450 58990 91 87 14 5 300 178 160 7.6 
i = 12 420 52950 82 77 8.25 5 545 210 180 6.7 
i = 13 385 48650 77 73 8 5 343 157 170 8.7 
i = 14 430 49500 82 77 8.25 5 545 210 180 6.4 
i = 15 170 35990 35.5 30 3.25 5 271 107 140 9.7 
i = 16 380 56500 66.5 64.7 7 5 494 230 180 5.6 
i = 17 320 57490 71.4 64 11.5 5 336 160 160 6.9 
i = 18 400 55490 82 79 8.5 5 420 185 180 7.3 

 
Table 3 The normalized weighted fuzzy decision matrix 

 k = 1 k = 2 k = 3 k = 4 k = 5 
i = 1 (0.063, 0.092, 0.098) (0.070, 0.107, 0.169) (0.040, 0.065, 0.104) (0.043, 0.069, 0.111) (0.032, 0.049, 0.072) 
i = 2 (0.083, 0.121, 0.129) (0.059, 0.091, 0.144) (0.053, 0.086, 0.138) (0.056, 0.088, 0.142) (0.041, 0.062, 0.092) 
i = 3 (0.073, 0.107, 0.114) (0.060, 0.093, 0.146) (0.044, 0.071, 0.115) (0.046, 0.074, 0.119) (0.035, 0.053, 0.078) 
i = 4 (0.093, 0.136, 0.145) (0.056, 0.087, 0.137) (0.060, 0.096, 0.155) (0.063, 0.100, 0.160) (0.024, 0.036, 0.053) 
i = 5 (0.072, 0.106, 0.114) (0.049, 0.075, 0.118) (0.043, 0.069, 0.112) (0.047, 0.074, 0.119) (0.035, 0.053, 0.078) 
i = 6 (0.085, 0.125, 0.133) (0.063, 0.097, 0.152) (0.053, 0.086, 0.138) (0.056, 0.088, 0.142) (0.041, 0.062, 0.092) 
i = 7 (0.078, 0.114, 0.121) (0.053, 0.081, 0.128) (0.050, 0.081, 0.130) (0.053, 0.085, 0.136) (0.041, 0.062, 0.089) 
i = 8 (0.065, 0.094, 0.101) (0.058, 0.089, 0.141) (0.047, 0.074, 0.120) (0.046, 0.074, 0.118) (0.057, 0.086, 0.126) 
i = 9 (0.074, 0.108, 0.115) (0.057, 0.089, 0.140) (0.050, 0.081, 0.130) (0.053, 0.085, 0.136) (0.041, 0.061, 0.089) 
i = 10 (0.079, 0.115, 0.113) (0.051, 0.078, 0.123) (0.048, 0.077, 0.124) (0.051, 0.081, 0.130) (0.039, 0.059, 0.086) 
i = 11 (0.085, 0.125, 0.133) (0.044, 0.068, 0.107) (0.059, 0.095, 0.153) (0.051, 0.081, 0.130) (0.071, 0.106, 0.156) 
i = 12 (0.079, 0.117, 0.124) (0.051, 0.079, 0.125) (0.053, 0.086, 0.138) (0.056, 0.088, 0.142) (0.042, 0.062, 0.092) 
i = 13 (0.073, 0.107, 0.114) (0.057, 0.087, 0.137) (0.050, 0.080, 0.130) (0.053, 0.084, 0.134) (0.041, 0.061, 0.089) 
i = 14 (0.081, 0.119, 0.127) (0.055, 0.086, 0.135) (0.053, 0.086, 0.138) (0.056, 0.088, 0.142) (0.041, 0.062, 0.092) 
i = 15 (0.032, 0.047, 0.050) (0.072, 0.111, 0.175) (0.023, 0.037, 0.060) (0.021, 0.034, 0.055) (0.016, 0.025, 0.036) 
i = 16 (0.072, 0.106, 0.113) (0.047, 0.072, 0.114) (0.043, 0.069, 0.112) (0.047, 0.074, 0.119) (0.035, 0.053, 0.078) 
i = 17 (0.061, 0.089, 0.095) (0.046, 0.071, 0.111) (0.047, 0.074, 0.120) (0.046, 0.074, 0.118) (0.058, 0.087, 0.128) 
i = 18 (0.076, 0.111, 0.118) (0.048, 0.074, 0.117) (0.053, 0.086, 0.138) (0.057, 0.091, 0.145) (0.043, 0.064, 0.095) 

 
In the first place in the ranking by applying the 

proposed FTOPSIS is the EV model Skoda Enyaq 85 (𝑖 ൌ
6). In addition to this EV model, from the customer's 
perspective, the following should be considered: 

Volkswagen ID.4 Pro (𝑖 ൌ 2) and Ford Explorer Extended 
Range RWD (𝑖 ൌ 14). 
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Table 4 The normalized weighted fuzzy decision matrix (continued) 
 k = 6 k = 7 k = 8 k = 9 k = 10 

i = 1 (0.031, 0.052, 0.089) (0.038, 0.059, 0.093) (0.030, 0.048, 0.077) (0.044, 0.072, 0.119) (0.044, 0.071, 0.114) 
i = 2 (0.031, 0.053, 0.089) (0.067, 0.104, 0.165) (0.042, 0.067, 0.108) (0.050, 0.081, 0.133) (0.040, 0.065, 0.104) 
i = 3 (0.031, 0.053, 0.089) (0.032, 0.050, 0.079) (0.030, 0.048, 0.077) (0.046, 0.075, 0.124) (0.047, 0.076, 0.121) 
i = 4 (0.031, 0.053, 0.089) (0.020, 0.031, 0.049) (0.060, 0.096, 0.155) (0.046, 0.076, 0.126) (0.047, 0.077, 0.122) 
i = 5 (0.031, 0.053, 0.089) (0.060, 0.094, 0.149) (0.046, 0.074, 0.119) (0.049, 0.081, 0.133) (0.033, 0.054, 0.087) 
i = 6 (0.031, 0.053, 0.089) (0.067, 0.104, 0.165) (0.042, 0.067, 0.108) (0.049, 0.081, 0.133) (0.040, 0.065, 0.104) 
i = 7 (0.031, 0.053, 0.089) (0.043, 0.068, 0.106) (0.034, 0.054, 0.087) (0.051, 0.083, 0.137) (0.044, 0.071, 0.114) 
i = 8 (0.031, 0.053, 0.089) (0.032, 0.050, 0.080) (0.030, 0.048, 0.077) (0.044, 0.072, 0.119) (0.045, 0.073, 0.117) 
i = 9 (0.031, 0.053, 0.089) (0.043, 0.067, 0.106) (0.034, 0.054, 0.087) (0.051, 0.083, 0.137) (0.045, 0.073, 0.117) 
i = 10 (0.044, 0.074, 0.125) (0.047, 0.073, 0.116) (0.028, 0.045, 0.073) (0.044, 0.072, 0.119) (0.053, 0.086, 0.138) 
i = 11 (0.031, 0.053, 0.089) (0.037, 0.057, 0.091) (0.036, 0.057, 0.092) (0.044, 0.072, 0.119) (0.046, 0.074, 0.118) 
i = 12 (0.031, 0.053, 0.089) (0.067, 0.104, 0.165) (0.042, 0.067, 0.108) (0.049, 0.081, 0.133) (0.040, 0.065, 0.104) 
i = 13 (0.031, 0.053, 0.089) (0.042, 0.065, 0.104) (0.032, 0.050, 0.081) (0.046, 0.076, 0.126) (0.052, 0.084, 0.135) 
i = 14 (0.031, 0.053, 0.089) (0.067, 0.104, 0.165) (0.042, 0.067, 0.108) (0.049, 0.081, 0.133) (0.039, 0.063, 0.101) 
i = 15 (0.031, 0.053, 0.089) (0.033, 0.052, 0.082) (0.021, 0.034, 0.055) (0.038, 0.063, 0.104) (0.058, 0.094, 0.151) 
i = 16 (0.031, 0.053, 0.089) (0.060, 0.094, 0.149) (0.046, 0.074, 0.119) (0.049, 0.081, 0.133) (0.033, 0.054, 0.087) 
i = 17 (0.031, 0.053, 0.089) (0.041, 0.064, 0.102) (0.032, 0.051, 0.083) (0.044, 0.072, 0.119) (0.041, 0.067, 0.107) 
i = 18 (0.031, 0.053, 0.089) (0.051, 0.080, 0.127) (0.037, 0.059, 0.096) (0.049, 0.081, 0.133) (0.044, 0.071, 0.114) 

 
Table 5 Rank of EV models 

 
id


 
id


 
i  i  Rank 

i = 1 (8.952, 9.315, 9.563) (0.437, 0.685, 1.048) (0.041, 0.068, 0.112) 0.071 17 
i = 2 (8.755, 9.182, 9.477) (0.523, 0.818, 1.245) (0.049, 0.082, 0.134) 0.085 2 
i = 3 (8.937, 9.301, 9.554) (0.446, 0.699, 1.063) (0.042, 0.070, 0.113) 0.072 16 
i = 4 (8.809, 9.213, 9.499) (0.494, 0.787, 1.191) (0.046, 0.079, 0.111) 0.079 7 - 8 
i = 5 (8.882, 9.267, 9.532) (0.468, 0.733, 1.118) (0.044, 0.073, 0.121) 0.076 12 - 13 
i = 6 (8.742, 9.172, 9.471) (0.529, 0.828, 1.257) (0.049, 0.083, 0.136) 0.086 1 
i = 7 (8.863, 9.252, 9.522) (0.478, 0.748, 1.137) (0.045, 0.075, 0.122) 0.078 9 - 11 
i = 8 (8.912, 9.287, 9.544) (0.456, 0.713, 1.087) (0.042, 0.071, 0.116) 0.074 14 
i = 9 (8.857, 9.250, 9.521) (0.479, 0.750, 1.143) (0.045, 0.075, 0.122) 0.078 9 - 11 
i = 10 (8.843, 9.240, 9.516) (0.485, 0.760, 1.157) (0.045, 0.076, 0.124) 0.079 7-8 
i = 11 (8.812, 9.213, 9.496) (0.504, 0.787, 1.188) (0.047, 0.079, 0.127) 0.082 5 
i = 12 (8.779, 9.198, 9.488) (0.512, 0.802, 1.221) (0.048, 0.080, 0.131) 0.083 4 
i = 13 (8.860, 9.252, 9.523) (0.477, 0.748, 1.140) (0.045, 0.075, 0.122) 0.078 9 - 11 
i = 14 (8.769, 9.191, 9.483) (0.517, 0.809, 1.231) (0.048, 0.081, 0.133) 0.084 3 
i = 15 (9.142, 9.450, 9.652) (0.348, 0.550, 0.858) (0.033, 0.055, 0.090) 0.057 18 
i = 16 (8.886, 9.270, 9.534) (0.466, 0.730, 1.114) (0.043, 0.073, 0.119) 0.076 12 - 13 
i = 17 (8.928, 9.299, 9.552) (0.448, 0.701, 1.072) (0.042, 0.070, 0.114) 0.073 15 
i = 18 (8.827, 9.230, 9.509) (0.491, 0.770, 1.173) (0.046, 0.077, 0.126) 0.080 6 

3.3 An Application the Proposed FCOPRAS 
 

The difference between the normalized weighted fuzzy 
decision matrix constructed in the proposed FCOPRAS is 
only within the EV feature (k = 2). Therefore, this matrix 

is not presented in this Section. By applying the proposed 
Algorithm (Step 1 to Step 4), the values of the coefficient 


iS  and  iR  are calculated and presented in Tab. 6. 

 
Table 6The values of the proposed COPRAS coefficient 

 
iS  

iR   
iS  

iR  
i = 1 (0.367, 0.578, 0.878) (0.367, 0.578, 0.878) i = 10 (0.079, 0.682, 1.034) (0.079, 0.682, 1.034) 
i = 2 (0.046, 0.071, 0.113) (0.046, 0.071, 0.113) i = 11 (0.065, 0.101, 0.159) (0.065, 0.101, 0.159) 
i = 3 (0.464, 0.727, 1.101) (0.464, 0.727, 1.101) i = 12 (0.460, 0.719, 1.081) (0.460, 0.719, 1.081) 
i = 4 (0.057, 0.087, 0.137) (0.057, 0.087, 0.137) i = 13 (0.072, 0.111, 0.175) (0.072, 0.111, 0.175) 
i = 5 (0.368, 0.606, 0.916) (0.368, 0.606, 0.916) i = 14 (0.461, 0.802, 1.096) (0.461, 0.802, 1.096) 
i = 6 (0.057, 0.086, 0.136) (0.057, 0.086, 0.136) i = 15 (0.065, 0.100, 0.157) (0.065, 0.100, 0.157) 
i = 7 (0.445, 0.700, 1.054) (0.445, 0.700, 1.054) i = 16 (0.421, 0.661, 1.002) (0.421, 0.661, 1.002) 
i = 8 (0.060, 0.092, 0.145) (0.060, 0.092, 0.145) i = 17 (0.059, 0.092, 0.144) (0.059, 0.092, 0.144) 
i = 9 (0.419, 0.658, 1) (0.419, 0.658, 1) i = 18 (0.462, 0.724, 1.096) (0.462, 0.724, 1.096) 

The proposed Algorithm (Step 5 to Step 6) is 
illustrated for the EV model (i = 1): 
 

 
 

   
 

1 0 367, 0 578, 0 878

1.098, 1 692, 2.668

0 046, 0 071, 0 113 123 453, 194 633, 300 059

0 399, 0 670, 1.344

. . .

.

. . . . . .

. .

  

 




 

The representative scalar, 1  is: 

 

1
0 399 4 0 670 1 344

0 757
6

. . .
.   

   

In a similar way, the values of the coefficients of the 
proposed FCOPRAS were calculated and assigned to the 
other considered EV models. The rank of EV models (Step 
7 of the proposed Algorithm) is determined according to 
the given coefficient values, as presented in Tab. 7. 
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Table 7 The values of the proposed FCOPRAS coefficient 

 
1  1  Rank  

1  1  Rank 

i = 1 (0.399, 0.670, 1.344) 0.737 17 i = 10 (0.102, 0.768, 1.365) 0.757 14-15 
i = 2 (0.491, 0.827, 1.483) 0.880 2 i = 11 (0.481, 0.797, 1.381) 0.842 6 
i = 3 (0.413, 0.707, 1.303) 0.757 14-15 i = 12 (0.484, 0.889, 1.430) 0.912 1 
i = 4 (0.470, 0.794, 1.416) 0.844 5 i = 13 (0.446, 0.756, 1.366) 0.806 9 
i = 5 (0.441, 0.742, 1.322) 0.789 11 i = 14 (0.487, 0.817, 1.454) 0.868 4 
i = 6 (0.492, 0.825, 1.467) 0.877 3 i = 15 (0.306, 0.567, 1.175) 0.625 18 
i = 7 (0.449, 0.756, 1.351) 0.804 10 i = 16 (0.441, 0.740, 1.313) 0.785 12 
i = 8 (0.424, 0.721, 1.320) 0.771 13 i = 17 (0.423, 0.711, 1.267) 0.756 16 
i = 9 (0.447, 0.758, 1.374) 0.809 8 i = 18 (0.465, 0.778, 1.374) 0.825 7 

In the first place in the ranking by applying the 
proposed FCOPRAS is the EV model Audi Q4 e-tron 45               
(i = 12). This type of EV model can be considered the best 
respecting all the considered EV features as well as their 
weights. Some authors suggest that, in addition to the 
alternative (in this case, the EV model) which is placed in 
the first place in the rank, alternatives placed in the top 
three should also be taken into account. In this case, it can 
be calculated that the best EV models are: Audi Q4 e-tron 
45 (i = 12), Volkswagen ID.4 Pro (i = 2), and Skoda Enyaq 
85 (i = 6). 
 
3.4 Comparative Analysis of the Obtained Results 
 

In this section, a comparative analysis of the obtained 
results was performed by applying the proposed FTOPSIS 
and FCOPRAS. 

Primarily, to make the obtained results more visually 
comparable, Fig. 2 presents a graphical representation of 
the alternative rankings obtained using the two proposed 
approaches. 
 

 
Figure 2 Graphical representation of the ranking of EVs 

 
The ranking similarity coefficient, WS [30, 48], is 

calculated based on the results obtained by applying the 
two proposed methods, FTOPSIS and FCOPRAS. In this 
case, the coefficient value is 0.91. 

Since the value of the coefficient is greater than 0.808, 
according to [30, 48], it can be considered that the ranking 
similarity is absolute. Therefore, it can be stated that the 
stability of the solution has been achieved. 

In this case, it can be stated that the best EV models 
with respect to the considered features as well as their 
weights are: Skoda Enyaq 85 (i = 6), Volkswagen ID.4 Pro 
(i = 2), Ford Explorer Extended Range RWD (i = 14), Audi 
Q4 e-tron 45 (i = 12), and Ford Explorer Extended Range 
RWD (i = 14). 
 
4 CONCLUSION 
 

This research proposes two MADM models, the 
application of which should lead to a ranking of EVs under 

uncertainty. The obtained results aim to: (1) assist 
management in automotive companies in defining 
production plans and (2) help customers in making more 
informed purchase decisions. 

The main methodological contributions of the 
presented research are: (1) Modeling the relative 
importance of features of EVs using TFNs; (2) Setting the 
relative importance of features as a fuzzy group decision-
making problem; (3) Determining the weights vector of 
features through fuzzy quadratic mean and linear 
normalization combined with fuzzy algebra rules, which 
has certain advantages compared to the application of other 
methods, especially in terms of practical use in the 
automotive industry; (4) Ranking the considered set of EVs 
using the proposed FTOPSIS and FCOPRAS methods and 
determining the similarity of the obtained results; (5) 
Ensuring the model's flexibility, allowing for easy 
incorporation of changes in the number and values of 
features, as well as changes in the number of considered 
EV models. 

Regarding the research contributions related to 
sustainability and sustainable management in the 
automotive industry, they are: (1) By analyzing various 
features that are often conflicting and inversely 
proportional, the selected EV strikes a balance between 
cost, performance, user experience, and reducing 
environmental impact; (2) Supporting environmentally 
conscious individuals and organizations in making 
informed EV purchasing decisions; (3) Providing guidance 
to EV manufacturers to offer optimal solutions for both 
themselves and consumers, while primarily minimizing 
environmental harm and promoting clean energy 
propulsion. 

The main advantage of the proposed methodology 
over existing models found in the literature is the definition 
of the set of EVs with the highest importance for 
customers. In this way, the obtained set of EVs is defined 
so that strategic management can implement effective 
benchmarking. The proposed model can be extended to the 
analysis of EV models that use sodium-ion batteries. 

The main limitations of the hybrid model are: (1) 
subjectivity in the process of obtaining the relative 
importance of features, and (2) a higher computational 
complexity compared to conventional MADM models. 

Future research should focus on: (1) developing a 
software solution that enables a user-friendly application 
of the proposed methodology, (2) using different 
approaches for modelling uncertainty and imprecision, and 
(3) applying other MADM methods to compare the 
obtained results. 
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