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A B S T R A C T 
The article addresses the challenges faced by regions under water 
stress, such as conflicts over water use, environmental degradation, 
and water resource scarcity, intensified by climate change. In  areas 
dependent on hydropower generation, these problems are 
exacerbated, highlighting the need to transition to more sustainable 
and resilient energy sources. The study emphasizes the importance 
of multifaceted criteria for an effective transition of the electricity 
matrix in semi-arid regions, taking into account economic, technical, 
environmental, and social aspects. Focusing on the São Francisco River 
basin in Northeastern Brazil, where the energy matrix is predominantly 
hydroelectric, the study uses the Technique for Order of Preference by 
Similarity to Ideal Solution (TOPSIS) to evaluate alternative scenarios, 
analyzing options for wind, solar, and thermoelectric energy. 
The methodology adopted included the close collaboration of experts 
in defining and weighting essential criteria, covering economic, 
technical, environmental, and social aspects. The results show that, 
within the same group, options that involve greater reductions in 
hydroelectric generation are more advantageous. Analyzing the 
ranking among all alternatives, the group that includes higher 
expansion of wind energy presents the most viable options, followed 
by the reference strategy (based on average annual generation) and 
the group with greater expansion of solar capacity. Increasing the 
share of gas-fired thermoelectric power is considered a less favorable 
solution according to the criteria used in the model. 

Keywords: technique for order of preference by similarity to ideal 
solution; multi-criteria decision making; energy transition; climate 
change; energy planning.

R E S U M O
O artigo aborda os desafios enfrentados por regiões sob estresse hídrico, 
como conflitos pelo uso da água, degradação ambiental e escassez de 
recursos hídricos, intensificados pelas mudanças climáticas. Em áreas 
dependentes da geração hidrelétrica, esses problemas são agravados, 
destacando a necessidade de uma transição para fontes de energia 
mais sustentáveis e resilientes. O estudo enfatiza a importância de 
critérios multifacetados para uma transição eficaz da matriz elétrica em 
regiões semiáridas, levando em conta aspectos econômicos, técnicos, 
ambientais e sociais. Com foco na bacia hidrográfica do Rio São 
Francisco, no Nordeste brasileiro, onde a matriz é predominantemente 
hidrelétrica, o estudo utiliza a Técnica de Ordem de Preferência por 
Similaridade à Solução Ideal (TOPSIS) para avaliar cenários alternativos, 
analisando as possibilidades de energia eólica, solar e termelétrica. 
A metodologia adotada incluiu a colaboração estreita de especialistas 
na definição e ponderação de critérios essenciais, abrangendo aspectos 
econômicos, técnicos, ambientais e sociais. Os resultados mostram 
que, dentro do mesmo grupo, opções que envolvem maiores reduções 
na geração hidrelétrica são mais vantajosas. Ao analisar o ranking entre 
todas as alternativas, o grupo que inclui maior expansão da energia 
eólica apresenta as opções mais viáveis, seguido pela estratégia de 
referência (com base na geração anual média) e pelo grupo com maior 
expansão da capacidade solar. Aumentar a participação da geração 
termelétrica a gás é considerado uma solução menos favorável 
segundo os critérios utilizados no modelo. 

Palavras-chave: análise de decisão multicritério; técnica de ordem 
de preferência por similaridade à solução ideal; transição energética; 
mudanças climáticas; planejamento energético.
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Introduction
The Brazilian electricity matrix is primarily based on hydroelec-

tric power, i.e., 58.6% of the country’s total installed capacity comes 
from hydroelectric sources (Brasil, 2023). Despite being considered a 
renewable source, hydropower has proven to be unsustainable, espe-
cially in the Brazilian semi-arid region, where seasonality and climate 
variability have led to reductions in hydropower generation of up to 
70% since 2012 (Brasil, 2022). The Northeast (NE) region (Figure 1) 
concentrates around 9% of the country’s hydroelectric generation 
(Brasil, 2022), and most of the potential comes from a single basin—
the São Francisco River basin. Therefore, this characterizes a high de-
mand for water resources available in this watershed. The installed hy-
droelectric capacity in the NE is 11,047 MW (Brasil, 2023). While on 
the one hand, hydroelectric plants have a long lifespan and energy at 
competitive generation rates (Brasil, 2022), on the other hand, they 
require long lead times to obtain environmental licenses and imply so-
cio-environmental impacts that are often of major proportions. In ad-
dition, the advent of climate change is making dry periods even drier 
and increasing conflicts over water use in the São Francisco region 
(Souza Júnior et al., 2019).

Figure 2 shows the hydroelectric generation scenario in the NE 
between 2002 and 2022. It is noticeable that from 2012 to 2018 there 
were reductions in electricity generation in the region. The Brazilian 
Ten-Year Energy Expansion Plan (PDE, Plano Decenal de Expansão de 
Energia) 2026 emphasizes that the situation is the most severe water 
restriction in the 84-year history of measurements.

Souza Júnior et al. (2019) simulated two future scenarios (A and B) 
for hydroelectric power generation in the NE region considering the 
effects of climate change. In each outlook, different scenarios of priori-
tized management of reservoir use were simulated. Analyzing scenario 
A, using the Model for Interdisciplinary Research on Climate (MI-
ROC) - Representative Concentration Pathways (RCP) 2.6 global data 
model, the drier results were obtained, i.e., over the horizon studied 
(2021–2050) the result was an annual average of hydroelectric gener-
ation of approximately 25,840 GWh/year (2,950 MW annual average) 
compatible with the average annual generation between 2013–2018 in 
Figure 2. In scenario B, the Hadley Centre Global Environment Model 
(HadGEM)-RCP8.6 model was used; this panorama presented a wetter 
forecast compatible with the average hydroelectric production from 
2002–2012. In other words, the average annual hydroelectric genera-
tion between 2001–2012 was 47,304 GWh/year (5,400 MW annual av-
erage) and the simulation results for the years 2021–2050 show annual 
averages of 44,422 GWh/year (5,071 MW).

With the instability of hydroelectric power generation and the high 
potential of wind, especially in the NE, electricity generation from wind 
sources has grown in recent years (Figure 2). According to Dantas et al. 
(2021), the NE has the greatest wind potential among the other four 
major regions, with a capacity of approximately 114 TWh/year, which 
represents more than half the capacity of the entire country. Koch et al. 
(2018) analyzed the integration of hydraulic and wind generation and 
concluded that an integrated assessment of the two allows for a more 
dynamic water regime, especially in the Submedium and Lower São 
Francisco regions.

Regarding solar energy generation, the NE region has high-
er global solar irradiation values and less annual variability.  

Figure 1 – Northeast region and São Franscisco River basin.
Source: Brasil (2023).
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Figure 2 – Average annual electric power generation in the Northeast between 
2002 and 2022. 
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One  of the highest amounts of irradiation is observed in the São 
Francisco River valley, receiving around 6.0–6.5 kWh/m2/day while 
the national average is 5.4 kWh/m2/day (Brasil, 2023). The NE re-
gion experiences relatively stable solar irradiation throughout the 
year, leading to predictable and reliable solar energy generation.  
On the other hand, hydroelectric generation heavily depends on water 
availability, which can fluctuate significantly based on seasonal rainfall 
patterns and droughts. Moreover, thermoelectric generation depends 
on the availability and price of fuels that can be volatile, affecting the 
cost and stability of power generation. As for implementation costs, 
solar generation technology still does not have competitive price levels 
in the country, although photovoltaic technology has been showing an 
accelerated reduction in costs (Brasil, 2022).

It is important to highlight that renewable energy sources are be-
coming increasingly vital as countries seek to reduce CO2 emissions. 
Renewable energy, such as that generated by solar panels, wind tur-
bines, and hydropower dams, produces electricity without burning 
fuels that emit greenhouse gases. In Brazil, recent years have seen a 
decline in the production costs of solar panels and wind turbines, mak-
ing these energy sources more affordable (Brasil, 2022). According to 
the International Energy Agency (IEA, 2024), 20% of CO2 emissions 
in Brazil originate from the electricity sector, with 36% of this total 
attributed to gas-fired thermoelectric plants, 15.2% to oil-fired ther-
moelectric plants, and 46.9% to natural gas. Other sources account for 
only 1.8% of emissions. Gates (2021) emphasized that countries need 
not only new, accessible, and reliable energy sources but also that these 
resources must be “clean.” He concluded that current efforts are insuf-
ficient to encourage large-scale deployment of wind and solar energy, 
setting advancing carbon-free power generation as one of the interme-
diate goals for the next decade. Moreover, beyond greenhouse gas emis-
sions from electricity generation, it is important to consider that the 
materials required to build and operate a power plant can also contrib-
ute to greenhouse gas emissions during their production. Gates (2021) 
highlighted that nuclear power plants are the most efficient in terms of 
using cement, plastic, glass, and metals in their construction.

The transition to a more sustainable electricity matrix is a challenge 
that must be meticulously measured and rigorously pursued to con-
tribute to the ambitious goal of achieving net-zero carbon emissions. 
Therefore, it is essential to explore energy issues to meet sustainable 
development goals with a focus on sustainable cities and communities 
and actions against climate change.

Given this context, the current configuration of the electricity ma-
trix in the NE region appears unsustainable. This is because the matrix 
is predominantly based on hydropower, which is experiencing reduced 
generation due to climate change and water use conflicts. Additiona ly, 
there is significant underutilization of the region´s substantial wind 
and solar potential. The matrix currently has only 1.2% of its ener-
gy derived from fossil fuels (Brasil, 2023), which is a positive aspect, 

as fossil fuels contribute significantly to CO2 emissions. In order to 
choose the best configuration for the electricity matrix, one decision 
would be to define an ideal scenario for the exploitation of each type 
of energy that is most compatible with the region analyzed. This choice 
ideally considers multiple conflicting decision criteria.

Wang et  al. (2021) propose that selecting energy sources should 
be approached as a multicriteria decision problem due to the complex 
factors involved. Taherdoost and Madanchian (2023) reviewed liter-
ature from 2012 to 2022 and found that the engineering and energy 
sectors frequently use multicriteria decision-making methods. Among 
60 methods analyzed, Analytic Hierarchy Process (AHP) and Tech-
nique for Order of Preference by Similarity to Ideal Solution (TOP-
SIS) were the most widely used. Taherdoost and Madanchian (2023) 
found that TOPSIS is often more effective than AHP in the energy 
sector. It simplifies decision-making with a clear ranking system that 
directly compares alternatives based on their proximity to an ideal 
solution. Unlike AHP’s complex pairwise comparisons and consisten-
cy checks, TOPSIS handles trade-offs between criteria more efficiently. 
Its  straightforward implementation, flexibility in criteria weighting, 
and capability to address large-scale decision problems make it partic-
ularly suitable for evaluating various energy sources and technologies. 
According to Pandey et al. (2023), for energy management and tech-
nology selection, TOPSIS is recognized as one of the best-known ref-
erence-level multicriteria models, based on recent findings. Mor over, 
the number of papers utilizing TOPSIS and its extensions has increased 
exponentially. The basic idea behind TOPSIS is that the preferred alter-
native should have the shortest distance from the ideal solution and the 
furthest distance from the negative ideal solution (Rahim et al., 2021). 
According to Chaube et al. (2024), TOPSIS is a prominent method for 
dealing with problems since it can handle a large number of criteria 
and offers a dependable method for ranking alternatives based on geo-
metric distances.

Therefore, to address the issue of insecurity in electricity genera-
tion, this article aims to explore new electricity matrix configurations 
for the NE region of Brazil using the TOPSIS multiple criterion model.

Methodology
To analyze alternatives that do or do not take climate change into 

account and that focus primarily on wind, solar, or natural gas sources, 
a decision matrix was developed with 10 different electricity expansion 
alternatives. Twelve criteria (economic, technical, social, and environ-
mental) were selected based on the literature and weighted based on 
the opinion of experts (Souza Júnior et al., 2019). The experts worked 
for the following companies agencies and institutes related to water and 
electricity management: Peixe Vivo Agency (AGP), National Water and 
Sanitation Agency (ANA), Pernambuco Agency for Water and Climate 
(APAC), São Francisco Hydro Electric Company (CHESF), São Paulo 
Energy Company (CESP), Energy Research Company (EPE), Tietê En-
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ergy Generation Company (AES-Tietê), Energy Generation Company 
(EDP), Energy Metropolitan Company of São Paulo (EMAE), Ener-
gy Generation Company ENGIE Brasil, Teles Pires Hydropower, Enel 
Green Power (EGP), State Institute of Environment and Water Resourc-
es of Bahia (INEMA–BA), Light Energy, Neoenergia, National Electric 
System Operator (ONS), Environment Secretary of Minas Gerais and 
Pernambuco States (SEMA), Federal Universities of Minas Gerais, Ba-
hia, and Pernambuco states, and Santo Antônio Energy Company (SAE).

The respondents were divided into four groups based on their 
professional and academic areas of expertise: those related to techni-
cal aspects of energy, social issues, environmental concerns, and eco-
nomic matters, as presented in Table 1. Each group was presented 
with an explanation of a list of criteria preselected based on the liter-
ature, including ten technical criteria, ten economic criteria, seven 
social criteria, and ten environmental criteria. Each group was asked 
to rank these criteria in order of importance. The following ques-
tion was posed: “In your opinion, what is the order of importance of 
the TECHNICAL criteria presented for the development of a multi-
criteria model to support strategic decisions in the electric sector?” 

The same approach was applied to the other three groups of criteria.  
Subsequently, the weighting of each criterion was calculated based on 
the importance assigned by each respondent, resulting in the selection 
of three priority criteria for each area of expertise, totaling twelve crite-
ria used in the model (Table 2).

The multicriteria model selected was TOPSIS. It is based on 
the concept that the chosen alternative should have the short-
est possible distance from the Positive Ideal Solution (PIS) and 
the longest possible distance from the Negative Ideal Solu-
tion (NIS) (Rahim et  al., 2021). Majid et  al. (2012) studied var-
ious literature reviews on sustainability, energy policy, and en-
ergy planning using the TOPSIS methodology and found that 
the model was suitable for application in the electricity sector.  
Figure 3 below is a flowchart explaining the methodology used in 
this study.

Table 1 – Summary of the interviewed group.

Criterion Number of respondents

Technical 22

Economical 14

Social 11

Environmental 12

Total 59

Table 2 – Criteria and scoring by electrical sources before the standardization procedure.

Sources: (1) Dipto et al. (2020); (2) Bolson et al. (2022); (3) Brasil (2017); (4) Brasil (2022); (5) Souza Júnior et al. (2019); (6) Romero et al. (2022); (7) Sharpton et al. 
(2020); (8) European Commission (2021); (9) Hanna et al. (2024).

Criteria
Electrical Sources (scoring)

Wind power Solar Photovoltaic Thermoelectric Hydroelectric

C1 Energy efficiency (%) 35 (1) 9.5 (1) 39 (1) 80 (1) 

C2 Generation capacity (%) 25 (2) 11 (2) 38 (2) 52 (2)

C3 Technological maturity (from 0 to 7) 3.7 (3) 5.6(3) 6.0 (3) 4.5 (3)

C4 Investment cost (U$/kW) 4,500 (4) 4,000 (4) 5,100 (4) 10,200 (4)

C5 Operation and maintenance cost (U$/kW h) 90 (4) 50 (4) 150 (4) 50 (4)

C6 Periodicity and magnitude of reservoir releases (%) 100 (5) 100 (5) 100 (5) 62 (5)

C7 Impact on the aquatic ecosystem (%) 0 (5) 0 (5) 0 (5) 50 (5)

C8 Land use and occupation (km2/1000 MW) 100 (6) 35 (6) 2.5 (6) 750 (6)

C9 CO2 emissions (kg CO2e/MWh) 12 (1) 48 (1) 820 (1) 2 (1)

C10 Public acceptance (%) 83 (7) 88 (7) 26 (7) 65 (8)

C11 Job creation (employees/100 MW) 1,140 (9) 2,500 (9) 1,770 (9) 1,110 (9)

C12 Fatalities (deaths/GW years) 0 (1) 0 (1) 157 (1) 3 (1)

 
Figure 3 – Flowchart explaining the methodology used to apply the Multiple 
Criteria Decision Analysis model.
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The structuring phase discussed by Souza Júnior et  al. (2019) deals 
with the application of Soft Systems Methodology (SSM) to structure the 
objective problem; it deals with the methodology for selecting the set of 
criteria for the model; and it describes the simulation of scenarios using the 
Soil and Water Integrated Model (SWIM) hydrodynamic model to support 
the definition of alternatives. This article focuses on the evaluation phase, 
which includes identifying the alternatives, defining and weighting the 
strategies and the actual application of the TOPSIS multicriteria method.

Defining alternatives
Souza Júnior et al. (2019) used the regional eco-hydrological mod-

el SWIM (Krysanova et al., 2000) to simulate hydroelectric power gen-
eration considering climate change in various reservoir management 
scenarios, such as priority usage settings for irrigation, navigation, and 
hydroelectric power generation, among others. In order to compose 
TOPSIS’s model alternative, which deals with water-restricted electric-
ity expansion, the results simulated were applied only for the priori-
tized use of reservoirs for hydroelectric power generation in the São 
Francisco basin until the year 2050. The other alternatives were based 
on the National Energy Plan (PNE) 2050 (Brasil, 2020).

Some of the following assumptions were made in this framework 
of alternatives: a. the expansion of supply envisaged in the scenarios 
will guarantee adequate compliance with the growth in demand; b. as 
mentioned in the PDE 2026, 80% of all expected national electricity ex-
pansion from wind and solar sources pertains to the NE region; c. the 
contracted supply and the forecast growth in supply will be consumed 
within the NE region itself, without considering imports or exports to 
other regions of the country; and d. the NE region has other hydro-
graphic basins—such as the East Atlantic and Paranaíba—despite this, 
it was considered that all the electricity demand and supply expected in 
the NE region would be entirely in the São Francisco River basin, given 
its importance, size, and representativeness.

A short summary of the variables used in the multi-criteria 
analysis follows. From the point of view of hydroelectric genera-
tion, the alternatives marked A2, A5, and A8 do not take into ac-
count the advent of climate change, and to this end, the average hy-
droelectric generation used is that recommended by the PNE 2030. 
Alternatives A3, A6, and A9 are analyzed from the perspective of 
average hydroelectric power generation taking climate change into 
account, simulated in the MIROC-RCP2.6 global climate model 
(Set A) (Souza Júnior et al., 2019). Alternatives A4, A7, and A10 
were simulated using the global climate model HadGEM-RCP8.5 
(Set B) (Souza Júnior et  al., 2019), also considering changes in 
weather patterns.

Therefore, the alternatives analyzed are ten in total, with alternative 
A1 being considered the reference option (Table 3). It is worth noting 
that, according to PNE 2050, no alternative envisages the construction 
of new hydroelectric power stations during the period analyzed. So, 
the average hydroelectric generation will only change according to the 
climate changes considered.

Generation sources used to analyze the electricity matrix are: hy-
droelectric (excluding small hydroelectric plants), wind, solar photo-
voltaic, and thermoelectric. The gas was regarded as the thermoelectric 
source since it represented four times more than any other source in 
the region in 2022 (Brasil, 2023).

Reference alternative
This scenario was based on the expansion of sources considering 

average annual generation in 2022 (Brasil, 2023). It was assumed that 
wind, solar, and thermoelectric electricity generation had an increase 
proportional to the energy generated by the matrix in 2022 for the NE 
region. In 2022, the hydroelectric source had an annual average close to 
that calculated by the HadGEM-RCP8.5 model, so the result simulated 
by the system was applied.

Table 3 – Electricity supply alternatives up to 2050 in the Northeast. 

Source: data based on the National Energy Plans of 2030 and 2050 (Brasil, 2021, 2022), and Souza Júnior et al. (2019).

Alternatives / Electricity Sources Hydroelectric
(mW)

Wind
(mW)

Solar
(mW)

Thermoelectric
(mW)

Reference A1 5,100 77,400 5,730 6,120

Wind Expansion

A2 6,700 70,250 5,600 11,800

A3 2,950 74,000 5,600 11,800

A4 5,100 71,850 5,600 11,800

Solar Expansion

A5 6,700 17,000 58,850 11,800

A6 2,950 17,000 62,600 11,800

A7 5,100 17,000 60,450 11,800

Thermo-
electric Expansion

A8 6,700 17,000 5,600 65,050

A9 2,950 17,000 5,600 68,800

A10 5,100 17,000 5,600 66,650
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Alternative wind expansion
The wind expansion alternative focuses on growth in supply pri-

marily from wind power. This scenario was created by mixing the PNE 
2050 scenario (Brasil, 2022), which considers an increase in the 100% 
renewable electricity matrix, the setting that considers the growth of 
the limited solar source, and the thermoelectric expansion envisaged 
in PNE 2030 (Brasil, 2014), which defines an expansion below expec-
tations for the NE region.

Alternative solar expansion
Solar expansion is an alternative that prioritizes growth in supply 

from the solar source. This option was defined using the PNE 2050 
scenarios (Brasil, 2022), which consider an increase in the 100% re-
newable electricity matrix, limited wind expansion, and thermoelectric 
growth based on the PNE 2030 (Brasil, 2014).

Alternative thermoelectric expansion
The scenario assumes that the growth of solar power until 2050 is 

equal to the solar expansion defined in the wind expansion alternative 
(Brasil, 2022). Similarly, the growth of wind power is set to match the 
wind expansion value outlined in the solar expansion alternative (Bra-
sil, 2020). To meet the demand, a compensation was made by increas-
ing the generation from thermoelectric sources.

Definition, scoring, and criteria evaluation
Twelve criteria were selected through stakeholder/actor interviews, 

and the results were calculated using Borda’s method. The Borda Meth-
od involves assigning points to each criterion based on their preference 
order determined by decision-makers. Almeida et al. (2021) propose a 
parameterization where the worst alternative gets a value of “a”, the sec-
ond worst “a+b”, the third worst “a+2b”, and so on. The results are then 
ranked in decreasing order, with the criterion receiving the most points 
being considered the most preferable. The ranking is determined by 
the sum of points each sub-criterion receives from all decision-makers.

The scoring for each criterion was defined in accordance with each 
electricity source used in the alternatives’ framework, as shown in Table 2.
According to Almeida et al. (2021), to help evaluate these 12 criteria, 
it is advisable to consult experts (decision-makers) who have more 
specific knowledge of the area, in this case, experts who work in the 
study area. Therefore, a workshop was held at CHESF on July 19, 2018. 
Almeida (2013) mentions that the methods for reaching consensus 
among these experts can be divided into two groups: 1. based on the 
use of a mathematical model; and 2. based on modifying the group’s 
opinions until they converge in agreement. Furthermore, the author 
points out that in the case of a multicriteria decision model, the experts 
do not need to converge on their opinions; thus, the consensus would 
be a “calculated opinion”, i.e., based on the mathematical framework 
and may reflect the opinion of no decision-maker. This was the meth-

od used in this article. Sixteen experts were given a form to assess the 
importance of each set of criteria and used a cardinality scale, i.e., a 
ratio scale in which quantity is represented. An axiomatic mathemati-
cal approach was used, called the linear opinion pool proposed by M. 
Stone in 1961 (Almeida, 2013). The individual probabilities provided 
by the experts were operated on to produce a combined probability 
distribution, according to Equation 1.

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (1)

Where:
n = number of experts;
Pi ( ) = probability distribution of expert i;
Wi = weight assigned to expert I; and
P ( ) = combined probability distribution for the criterion.

Wi values are used to represent the relative quality of the experts. 
According to Almeida (2013), there are compensatory and non-com-
pensatory decision models. Compensatory models involve compensat-
ing for disparities among decision-makers. For instance, if your deci-
sion-making process prioritizes environmental issues over social ones, 
you might compensate by assigning greater weight to environmental 
experts. In this study, which deals with decision-making in a conflict 
environment among various water users, it was decided that all experts 
from all fields would have equal importance. Therefore, P ( ) represents 
a simple arithmetic mean. This was the case for the model in this article.

The evaluation scale for each criterion was defined as 0 (lowest value) 
to 60 (highest value) points and an attempt was made to associate this ratio 
scale with a verbal scale to facilitate the cognitive process of value. In other 
words, a value judgement was given to each score, for example, a 10 score 
was considered a criterion of “low” importance, a 20 score of “medium 
low” importance, a 30 score of “medium” importance, a 40 score of “me-
dium high” importance, a 50 score of “high” importance, and a 60 score of 
“very high” importance. After compiling the data, applying Equation 1, and 
performing a scale transformation procedure (normalization) explained in 
the following section, the values found were compiled in Table 4.

Table 4 – Criteria weights used in the Technique for Order of Preference by 
Similarity to Ideal Solution model.

Criterion Weight (Pn) Criterion Weight (Pn)

Te
ch

ni
ca

l C1 0.092

En
vi

ro
nm

en
ta

l

C7 0.094

C2 0.089 C8 0.077

C3 0.082 C9 0.070

Ec
on

om
ic C4 0.091

So
ci

al

C10 0.081

C5 0.086 C11 0.076

C6 0.089 C12 0.074
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Technique for Order of Preference by Similarity to Ideal 
Solution method application

The basis of the TOPSIS multi-criteria method is the minimization 
of the distance from the PIS and the maximization of the NIS for each 
alternative evaluated (Golfam et al., 2019). Then, based on the Euclide-
an distances between these two points, the RC is calculated.

The topics below describe the recommended procedures for imple-
menting the method:

Decision matrix
The decision matrix, shown in Equation 2, comprises the alterna-

tives to be evaluated (Am), the selected criteria (Cn), and the scores for 
each criterion before the normalization procedure (Xmn).

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (2)

Scale transformation procedure (normalization)
Since any quantitative criterion score must have a single scale 

for comparison purposes, all values must be normalized. In other 
words, the results of criteria with different units must be normal-
ized under the same measurement scale. Several methods for nor-
malization can be used, depending on the type of problem. Nor-
mal, linear, and fuzzy methods are the most commonly adopted. In 
this study, the method used for normalization is the division by the 
maximum value approach, according to Equation 3 (Golfam et al., 
2019; Almeida, 2013):

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (3)

Where:
Nmn = normalized element; and
Xmn = scoring value for each criterion.
As a result, the normalized decision matrix (Dn) is obtained accord-
ing to Equation 4 below.

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (4)

Weighted decision matrix
Weighted decision matrix (Dp) is the result of multiplying the 

vector of p-values (Table 4) by the normalized matrix (Equations 
5 and 6).

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (5)

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] � (6)

Setting the Positive and Negative Ideal Solution Points
PIS and NIS are calculated using the Euclidean method (Rahim 

et al., 2021) as shown in Equations 7 and 8 (Almeida, 2013).

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (7)

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (8)

Where:

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

 = distance to PIS;

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

 = distance to NIS;

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

 = ideal alternative; and

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

 = anti-ideal alternative.

Determining relative proximity
Equation 9 represents relative proximity (RC). The closer the alter-

native is to the PIS and the further away it is from the NIS, the higher 
it will be. The best choice is the one with the highest RC, which is the 
coefficient of ranking preference order (Almeida, 2013).

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

� (9)

Where:

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

 = distance to NIS; and

𝑃𝑃 ( ) = √∑ 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ( )
𝑛𝑛

𝑗𝑗=1
 

 

  (1) 

                 𝐶𝐶1     𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑋𝑋11 𝑋𝑋12 … 𝑋𝑋1𝑛𝑛
𝑋𝑋21 𝑋𝑋22 … 𝑋𝑋2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑋𝑋𝑋𝑋1 𝑋𝑋𝑋𝑋2 ⋯ 𝑋𝑋𝑋𝑋𝑋𝑋

] 

 

  (2) 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑋𝑋𝑋𝑋𝑋𝑋
√𝑀𝑀𝑀𝑀𝑀𝑀 𝑋𝑋𝑋𝑋𝑋𝑋

  

(3) 

 

𝐷𝐷+  = √∑ (𝑉𝑉𝑉𝑉+ − 𝑃𝑃𝑃𝑃𝑃𝑃)²
𝑛𝑛

𝑗𝑗=1
 

 

(5) 

𝐷𝐷− = √∑ (𝑉𝑉𝑉𝑉− −  𝑃𝑃𝑃𝑃𝑃𝑃 )²
𝑛𝑛

𝑗𝑗=1
 

 

(6) 

Where: 

𝐷𝐷+= distance to PIS;  

𝐷𝐷−= distance to NIS;  

𝑉𝑉𝑉𝑉+ = ideal alternative; and 

𝑉𝑉𝑉𝑉− = anti-ideal alternative. 

𝑅𝑅𝑅𝑅 = 𝐷𝐷−

𝐷𝐷+ +  𝐷𝐷− (7) 

Where: 

𝐷𝐷−= distance to NIS; and 

𝐷𝐷+= distance to PIS.  

              𝐶𝐶1, 𝐶𝐶2 … 𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

] 

 

 

  (4) 

𝑃𝑃 = [𝑃𝑃1, 𝑃𝑃2, ⋯ 𝑃𝑃𝑃𝑃] 
   

                      𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶                             𝐶𝐶1    𝐶𝐶2  …  𝐶𝐶𝐶𝐶 

𝐷𝐷𝐷𝐷 =
𝐴𝐴1
𝐴𝐴2
⋮

𝐴𝐴𝐴𝐴
[

𝑁𝑁11 𝑁𝑁12 … 𝑁𝑁1𝑛𝑛
𝑁𝑁21 𝑁𝑁22 … 𝑁𝑁2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑁𝑁𝑁𝑁1 𝑁𝑁𝑁𝑁2 ⋯ 𝑁𝑁𝑁𝑁𝑁𝑁

]  𝑥𝑥 𝑃𝑃 =   
𝐴𝐴1
𝐴𝐴2

⋮
𝐴𝐴𝐴𝐴

[
𝑃𝑃11 𝑃𝑃12 … 𝑃𝑃1𝑛𝑛
𝑃𝑃21 𝑃𝑃22 … 𝑃𝑃2𝑛𝑛

⋮ ⋮ ⋮ ⋮
𝑃𝑃𝑃𝑃1 𝑃𝑃𝑃𝑃2 ⋯ 𝑃𝑃𝑃𝑃𝑃𝑃

] 

 = distance to PIS.

Results
To analyze different energy matrix configurations to meet elec-

tricity demand as hydroelectricity sources come under stress due to 
climate change, 10 alternatives were divided into groups in order to 
compare options with common characteristics (Table 3). Three clus-
ters were separated by electricity source: Cluster 1 - Wind expansion 
(alternatives A2, A3, A4), Cluster 2 - Solar expansion (alternatives 
A5, A6 and A7), and Cluster 3 - Thermoelectric expansion (alter-
natives A8, A9 and A10). These groups were analyzed from the per-
spective of “no influence”, “moderate influence” and “more drastic 
influence” of climate.

Table 5 shows the framework with the RC of each alternative. 
The best option is the one with the highest RC. The nearer the RC is 
to 1 (one), the more viable this alternative is in terms of criteria and 
weights defined.
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Considering the reference energy source expansion scenario, 
which is based on average annual generation in 2022 (Brasil, 2023), 
the Reference Scenario (A1) would be one reasonably good option, 
with an RC of 0.514. It is worth noting that this alternative considered 
a milder climate change, as the hydroelectric source in 2022 had an 
annual average close to that calculated by the HadGEM-RCP8.5 mod-
el, from which the simulated result was applied. It also considered a 
higher percentage of wind expansion, which proved to be a very favor-
able source in the multicriteria model adopted. A smaller increase in 
thermoelectric generation was also taken into account among all the 
alternatives analyzed.

Further ratifying wind power as a favorable source, the alternatives 
in Cluster 1, which consider a greater expansion of wind sources, oc-
cupy the 1st, 2nd, and 3rd positions. Within the same group, it is no-
ticeable that option A2, which does not consider climate change and 
involves a higher participation of hydroelectric energy in the electric 
matrix, is depicted as the worst option by the model amongst the wind 
expansion group. Probably, the criteria related to conflicts over the use 
of water in the reservoir (C6) and impacts on the aquatic ecosystem 
(C7) advocate in favor of less hydroelectric generation. These aspects—
conflicts over water users and impacts on the river ecosystem—are not 
considered in the current national ten-year and annual energy plans.

Cluster 2, focusing on solar expansion, leaves options A5, A6, and 
A7 in the 7th, 5th, and 6th positions, respectively. Once again, we can 
confirm that higher hydroelectric power generation becomes less signif-
icant in the model when compared to scenarios of solar and wind ener-
gy expansion. Another aspect to consider when evaluating why the solar 
option is less preferable than the wind option is the fact that the experts 
placed significant weighted importance on technical criteria, particular-
ly C1 (energy efficiency) and C2 (generation capacity). In both criteria, 
wind power significantly outperforms solar energy in scores.

Cluster 3, which focuses on greater thermoelectric expansion, has 
the alternatives in the last positions, with the worst situation among all 

the possibilities analyzed being A8, which has greater thermoelectric 
expansion associated with no climate change effect, i.e., greater use of 
hydroelectric power. This group emerges as the least favorable option, 
as it is disadvantaged by criteria related (Table 2) to high CO2 emis-
sions (C9), low public acceptance (C10), and fatal accidents associated 
with the operation and maintenance of power plants (Table 2).

In the proposed model, a methodology for sensitivity analysis 
was used, similar to that of Abdel-Basset et  al. (2021), Çalik (2021), 
and Kou et al. (2021). To explore the impact of changes in the criteria 
weights on the alternatives, each criterion’s weight was incrementally 
increased by 30 and 60%, with subsequent criteria prioritized one at 
a time. The resulting rankings were then compared with the standard 
scenario (criteria weighted by stakeholders).

A comparison was made between the alternatives that prioritize 
wind power (A2, A3, and A4) and the group of alternatives that prior-
itize solar power expansion (A5, A6, and A7). It was noted that when 
the weights of criteria C1 (energy efficiency), C2 (generation capacity), 
C3 (technological maturity), C6 (periodicity and magnitude of reser-
voir releases), C10 (public acceptance), and C11 (job creation) are in-
creased by 30 and 60%, with the other criteria adjusted proportionally 
to maintain the total sum of 1 (one), wind expansion remains the best 
option. However, when the same increases are applied to criteria C4 
(investment cost), C5 (operation and maintenance cost), C7 (impact 
on the aquatic ecosystem), C8 (land use and occupation), C9 (CO2 
emissions), and C12 (fatalities), the preference shifts to solar expan-
sion. Alternatives that consider thermal power expansion as a priority 
surpass wind alternatives with a 30 and 60% increase in criteria C4, C5, 
C7, and C8 but still fall behind wind expansion. On the other hand, the 
same increases in criteria C1, C2, and C3 make thermal power expan-
sion more advantageous than wind expansion.

The results indicate that assigning different weights to the criteria 
leads to changes in the rankings of the alternatives, highlighting the 
sensitivity of the methods to changes in the criteria weight coefficients.

Table 5 – Framework of alternatives analyzed in the Technique for Order of Preference by Similarity to Ideal Solution model and their rankings.

Group Alternative Description Relative Proximity Overall Ranking Group Ranking

A1 Reference 0.514 4º -

01

A2 No change

Wind Expansion

0.626 3° 3º

A3 Set A 0.629 1° 1º

A4 Set B 0.628 2° 2º

02

A5 No change

Solar Expansion

0.367 7º 3º

A6 Set A 0.409 5º 1º

A7 Set B 0.407 6º 2º

03

A8 No change
Hydroelectric 

Expansion

0.360 10° 3º

A9 Set A 0.362 8° 1º

A10 Set B 0.361 9º 2º
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Discussion and Conclusions
The alternatives that simulate the reduction of hydroelectric power 

represent more efficient matrices according to the multicriteria model 
TOPSIS developed. This brings to light the problem of climate change, 
which reduces the flow of tributaries into the reservoirs and, thereby, 
exacerbates water use conflicts in the São Francisco basin. According 
to Souza Júnior et al. (2017), hydroelectric power use is one of the ac-
tivities that most generate conflicts among reservoirs water users, and 
so the multi-criteria model sought to portray these risks. Thus, the au-
thors developed two criteria that sought to depict the impact on other 
uses due to the prioritized use of water for electricity generation: cri-
teria C6 and C7. The first describes the impacts on the aquatic ecosys-
tem, and the second covers the effects on the periodicity and magni-
tude of reservoir discharges. For more details, see Souza Júnior et al. 
(2019). According to the experts’ weighting, criterion C7, which relates 
to the impact on the aquatic ecosystem, was the most relevant crite-
rion, out of 12 in total. In other words, it is a criterion that considers 
non-compliance with the minimum flow, according to the Evaluation 
of Hydrological Impacts on the Implantation of the Environmental Hy-
drograph for the Lower São Francisco River (AIHA, Avaliação dos Im-
pactos Hidrológicos da Implantação do Hidrograma Ambiental do baixo 
rio São Francisco) (Medeiros et al., 2013; Ferreira, 2014) for the aquatic 
ecosystem, due to the prioritized use of water for electricity generation. 
Criterion C6 shows the interference in the periodicity and magnitude 
of reservoir discharges due to the prioritized generation of hydroelec-
tric power and, therefore, shows the impact on agriculture, supply, and 
navigation. Both criteria directly and solely impact the hydroelectric 
source within the multi-criteria model, because it is the only genera-
tion that interferes with the dynamics of river flows.

According to PDE 2022, the assumptions include greater invest-
ment in wind power and no hydroelectric expansion in the São Fran-
cisco region. Given this, it seems to be a scenario that adheres well to 
the results of this study. However, the plan does not directly address the 
issue of climate change but only recommends that weather changes be 
a parameter in future supply expansion studies. Another aspect is that 
environmental, social, and technical nuances are not clearly considered 
in the scenario studies of the energy plans. Instead, the analysis of the 
various scenarios tends to be more focused on a mathematical model 
for investment decisions, which indicates that the optimum expansion 
is the minimization of investment and operating costs.

Innovations in the proposed multicriteria model include the effects 
of climate change on hydroelectric generation. It contributes to better 
articulation between basin plans and energy plans, since it brings into 
discussion the conflicts between users in the basin in the electricity 
expansion project. Besides, it allows a multicriteria study to be carried 
out to develop alternatives for electricity development.

Several criteria selected for use in the model had scores based on in-
ternational publications and values vary greatly from one bibliographic 

source to another. For example, item C10, which deals with public ac-
ceptance in favor of electrical sources, is a criterion with a strong cul-
tural and regional bias. However, since the data used was from research 
carried out by Sharpton et al. (2020), there is a lack of local research. 
In addition, some criteria have very different values among different 
authors. For example, for criterion C9, Dipto et. al. (2020) point out 
that 2 kg of CO2 are generated for every MWh of hydroelectric power 
produced and Amer and Daim (2011) consider 40 kg of CO2 emis-
sions per MWh. This disparity bring uncertainty to the model and, 
depending on the value used, could change the ranking order of the 
alternatives. To minimize this issue, we sought to use bibliographic 
sources from case studies of research with a similar study line to obtain 
more precise and representative data of the local reality. Furthermore, a 
more comprehensive survey that sought a better distribution of experts 
among the groups of economic, ecological, social, and technical crite-
ria would have produced more efficient results. There was little partic-
ipation from specialists in the environmental field.

With a view to future improvements, it would be advisable to com-
pare this multicriteria approach with other existing ones, such as the 
AHP and the ELimination and Choice Expressing Reality (ELECTRE) 
methodologies, in order to ascertain possible changes in the classifi-
cation of alternatives. A further aspect would be to develop a linguis-
tic TOPSIS model (fuzzy TOPSIS). Koutsandreas and Keppo (2023) 
implemented the modified fuzzy TOPSIS method for energy planning 
decision support. This method uses fuzzy numbers and linguistic vari-
ables to prioritize the criteria and rank the alternatives.

The findings of this study underscore the significant potential and 
strategic importance of transitioning to a more sustainable energy ma-
trix in NE Brazil. As global energy dynamics shift towards cleaner and 
more renewable sources, NE Brazil is uniquely positioned to leverage 
its abundant natural resources, such as solar and wind energy, to meet 
both regional and national energy demands.

The implementation of renewable energy solutions not only aligns 
with environmental sustainability goals but also promises substantial 
socio-economic benefits. By fostering local industries and creating job 
opportunities, the renewable energy sector can drive economic growth 
and development in the region. Additionally, reducing dependency on 
fossil fuels will enhance energy security, decrease greenhouse gas emis-
sions, and mitigate the impacts of climate change.

A Multiple Criteria Decision Analysis (MCDA) tool is essen-
tial in defining an electricity matrix as it provides a structured and 
comprehensive approach to evaluating and prioritizing energy alter-
natives. In a complex energy planning scenario that requires con-
sideration of various criteria such as costs, environmental benefits, 
climatic and technical feasibility, and social impacts, MCDA enables 
the simultaneous analysis of multiple options. This facilitates the 
comparison and prioritization of alternatives that best meet the stra-
tegic objectives of the electricity matrix. Additionally, it promotes 
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transparency and justifies the decisions made, ensuring clear com-
munication with stakeholders.

In conclusion, the transition to a renewable energy matrix in NE 
Brazil is not merely a desirable objective but a crucial imperative for 
ensuring a resilient and prosperous future. Policymakers, industry 

stakeholders, and the community at large must collaborate to overcome 
challenges and harness the full potential of renewable energy, paving the 
way for a sustainable and energy-secure NE Brazil. This study serves as 
a foundational step in that direction, providing insights and recommen-
dations that can guide future energy policies and initiatives in the region.
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