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Abstract: This research work proposes a new hybrid framework to assess suitable sites and technical
potentials for large-scale solar photovoltaic (PV) systems by integrating two multi-criteria decision-
making (MCDM) techniques. The evaluation of sites for PV plants was performed using the MCDM
method, taking into account a wide range of variables, including climate, technical, geographical,
and economic variables, with factor weights determined using the CRITIC technique. Five Saudi
Arabian cities with abundant solar radiation served as illustrations of this study’s framework. For
classification, the TOPSIS method was employed to rank the five alternatives. The results show that
Riyadh is ranked first with a performance score of 72%, followed by Jeddah with a performance score
of 65%, and the remaining three cities, namely, Al Ahsa, Dammam, and Abha scored less than 50%.
Lastly, the reliability and robustness of the results obtained were examined using sensitivity analysis.
The findings of this study can be used to pinpoint possible places that could be used to build solar
power plants and to promote the expansion of generating facilities and electrical grids.

Keywords: PV system; multi-criteria decision making; CRITIC; TOPSIS; sustainable cities

1. Introduction

It is well-acknowledged that solar energy is a strong, dependable, and convenient
source of power. Along with other renewable energy sources, including wind, hydro,
biomass, and geothermal energy, it is viewed as a clean and sustainable alternative that is
essential in tackling the growing environmental problems [1]. Due to the various problems
caused by climate change, rising greenhouse gas emissions, environmental pollution, and
depleting fossil fuel reserves, the use of renewable energy, especially solar energy, for
electricity generation has drawn significant attention on a global scale [2]. Solar energy is a
plentiful resource that depends on the average daily sunlight hours in a certain place and
solar irradiation. Any city that receives a sufficient quantity of global horizontal irradiance
(GHI) year-round is deemed to be an excellent choice for solar photovoltaic (PV) system
installation [3,4].

Solar power projects have positive effects on the economy, society, and environment [5].
Additionally, the effectiveness, operating costs, and final energy yields of solar power
systems are significantly influenced by the sites selected [6]. In order to increase its capacity
for the production of electricity, Saudi Arabia recently implemented a number of renewable
energy (RE) projects [7]. Government-set plans will soon see a variety of RE-based power
plants installed across the country [8].

The Kingdom of Saudi Arabia has traditionally relied heavily on oil as its primary
source of energy. However, the nation is attempting to diversify its energy mix as worries
about climate change and energy security increase. Because Saudi Arabia is situated in a
region with abundant solar resources and receives high levels of solar radiation [9], solar
energy has a significant potential to meet the country’s energy needs. As a result, the nation

Energies 2023, 16, 4245. https://doi.org/10.3390/en16104245 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en16104245
https://doi.org/10.3390/en16104245
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0003-1035-3005
https://doi.org/10.3390/en16104245
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16104245?type=check_update&version=1


Energies 2023, 16, 4245 2 of 26

has recently made large investments in solar power research and is seeking to increase the
proportion of solar power in its energy mix [10].

Solar energy’s affordability is one of its key benefits. Solar energy is now substantially
more affordable than traditional energy sources, thanks to recent price reductions. This
indicates that solar energy is becoming increasingly appealing as a solution to Saudi
Arabia’s energy demands. In addition, solar energy is a clean, renewable energy source
with no air pollution or greenhouse gas emissions. Saudi Arabia may lessen its carbon
impact and enhance air quality by using more solar energy [11]. This is critically important
for a nation that is particularly susceptible to the effects of climate change, such as rising
temperatures, water scarcity, and extreme weather events [12].

Investing in sustainable energy sources, such as solar energy, can also be very advan-
tageous for Saudi Arabia’s economy. Large solar power plants can be installed to boost
local economies, employment, and investment. The local economy can be boosted, and
sustainable development can be supported by choosing a location that maximizes the
potential for these economic benefits. Large-scale solar power plant investments can also
help Saudi Arabia diversify its energy mix and lessen its reliance on fossil fuels, which can
help to reduce the risks associated with oil price fluctuations and supply disruptions and
guarantee a more reliable and secure energy supply for the nation [13].

Investments in renewable energy provide advantages for Saudi Arabia’s economy
as well as its standing as a responsible global citizen and as a regional leader in clean
energy. As a signatory to the Paris Agreement, Saudi Arabia has committed to reducing its
greenhouse gas emissions. Investing in solar power can help the country to meet its climate
change commitments and demonstrate its leadership in addressing global environmental
challenges [14]. Furthermore, the installation of large solar power plants can help promote
innovation and technology development in the country, including the development of new
solar technologies, energy storage solutions, and smart grid systems. This can encourage
economic diversification and foster the development of a local clean energy sector [15].

While large solar power plants can provide significant benefits, it is also important to
ensure that they are developed in a way that is sustainable and environmentally responsible.
Careful site selection and planning can help minimize the environmental impacts of large
solar power plants. The main issue with choosing the location for such projects is that it
is one of the crucial choices that necessitates taking into account a number of factors and
conducting a preliminary study [16].

PV systems work most effectively in vast land areas with abundant solar irradiation
throughout the year. However, there is a number of major obstacles impeding the devel-
opment of PV technology, one of which is the difference in solar irradiation brought on
by various geographical factors in various places. As a result, selecting and installing a
solar PV project requires considerable thought and evaluation of numerous parameters.
These variables include increasing solar energy output, lowering the overall solar power
project costs, and other essential factors. Numerous variables can affect the site selection for
a solar PV power project, and the application of multi-criteria decision-making (MCDM)
methodologies is essential in assessing the significant variables involved in the installation
and positioning of a solar PV plant [17].

Due to its advantages, importance, and necessity, the usage of multicriteria decision-
making techniques for solar photovoltaic (PV) site selection is becoming more prevalent.
Multiple criteria and aspects that affect the performance of a solar PV system are taken
into account by MCDM approaches, which offer an organized and thorough approach to
site selection. Solar irradiation, temperature, wind speed, and other variables are some of
these criteria and parameters. All of these criteria and aspects must be taken into account
in order to choose the best location for solar PV installation. They must also be thoroughly
and systematically evaluated. This is where MCDM techniques can help by offering a
structured strategy that considers all pertinent criteria and aspects and aids in choosing the
best installation site.
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When choosing an optimal spot for a solar PV project, MCDM approaches have a
number of advantages. They initially allow a thorough study of numerous criteria and pa-
rameters that affect a solar PV system’s performance; this helps in making a well-informed
decision on an appropriate construction place for solar projects. Secondly, objective and
transparent mathematical models serve as the foundation for MCDM procedures. As a
result, the impact of individual biases and subjective evaluations on the decision-making
process is minimized. Thirdly, using a methodical approach, MCDM procedures increase
the decision-making process’ precision. This greatly aids in precisely identifying the best
location for the installation of solar PV. Finally, by offering a structured approach that
eliminates the need for trial-and-error tactics, MCDM techniques save time. This facilitates
in quickly finding the best location for solar PV installation [18,19].

Additionally, it has been acknowledged that MCDM approaches are helpful in solving
energy-planning problems [20,21]. Site selection for a solar PV power plant is a critical
decision that necessitates careful consideration of numerous vital steps. When putting
up solar PV projects, constraints, requirements, and pertinent decision criteria must first
be carefully considered. A methodology is then used to rank the suggested sites. To
further understand and get new insights into the results, a sensitivity analysis can be
performed [22].

A thorough analysis of Saudi Arabia’s solar PV potential demonstrates that solar
energy is the most advantageous option for electricity generation [23]. This study aims
to investigate MCDM methodologies in order to identify the best location within Saudi
Arabia for a grid-connected solar PV installation. A utility-scale solar project involves
generating solar power, transmitting it to an on-grid facility, and supplying energy to the
utility. Thus, this research proposes a decision model that combines MCDM approaches,
specifically the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)
and Criteria Importance Through Intercriteria Correlation (CRITIC), using data collected
from various sources on potential sites. These MCDM methods will offer valuable insights
into a range of appropriate decision criteria to assist the government and policymakers in
solar PV system site selection and development. The study focuses on five Saudi Arabian
cities: Dammam, Jeddah, Abha, Riyadh, and Al Ahsa, aiming to determine the optimal
locations for constructing grid-connected solar PV systems. Additionally, the literature
review was conducted to identify the primary criteria (5) and sub-criteria (16) for this
study. The CRITIC and TOPSIS methods were employed to achieve the research objective.
The TOPSIS approach is utilized to rank the five alternatives, while the CRITIC method is
employed to assign weights to the criteria and sub-criteria by using a normalized matrix
and estimating the standard deviation from the normalized matrix.

One limitation of the previously applied multi-criteria decision-making techniques for
selecting suitable sites for solar system installation is that subjective methods were used for
weighting the criteria. In most of the previously published literature, the AHP technique,
which is based on subjective values, is typically used to give weights to the criteria. How-
ever, the CRITIC method, which is based on objective values, is now being used in this
work for the first time to do so for PV system site selection. The CRITIC method determines
the relative importance of criteria by analyzing their intercorrelations and impact on the
overall decision without relying on subjective judgments. The advantage of the CRITIC
technique is that it helps to provide an objective and unbiased approach, ensuring that
the selected sites are technically feasible, socially and environmentally responsible, and
economically viable. The incorporation of objective criteria weighting also increases the
credibility and reliability of the decision-making process, leading to more sustainable and
efficient use of resources [24].

The existing literature categorizes criteria-weighting techniques into two main groups,
objective and subjective methods [25,26]. Subjective techniques require decision-makers
to provide initial information based on their knowledge or experience before determining
criteria weights [27]. Pairwise comparison-based methods are popular subjective weighting
techniques, such as the Analytic Hierarchy Process (AHP), Decision-Making Trial and Eval-
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uation Laboratory (DEMATEL), Stepwise Weight Assessment Ratio Analysis (SWARA),
and Analytic Network Process (ANP) [28,29]. While subjective approaches benefit from
gathering data from knowledgeable decision-makers, there is a potential for bias in out-
comes as certain criteria may be favored due to preexisting views of decision-makers [30].
Additionally, decision-makers who lack familiarity with the specific problem at hand may
struggle to provide the necessary initial information. Moreover, the process of conveying
complex information becomes challenging when the MCDM problem involves numerous
criteria [31].

In contrast to subjective methods, objective methods merely assess the organization
of the data present in the decision matrix to determine the weights [32]. They do not rely
on any prior knowledge or judgment from the decision-makers [33]. These techniques
are renowned for removing any potential bias related to subjective assessment, thereby
increasing objectivity [34].

CRITIC and entropy-based techniques are among the most often employed objective
methods for weighing criteria, according to our analysis of the currently available liter-
ature. Contrary to the Shannon entropy technique, which simply addresses the contrast
intensity [35], CRITIC is shown to have additional worth because it takes into account both
the contrast intensity and the conflicting relationships held between criteria [36,37].

(a) Contrast intensity of decision criteria

The contrast intensity in the CRITIC approach indicates the level of variability ob-
served in the local scores for each criterion. The standard deviation is utilized to measure
how distinctly each criterion contrasts with the others [38]. By employing this approach,
criteria with higher standard deviations or contrast intensities are assigned greater weights.
The rationale behind this approach can be illustrated with an example. If a criterion exhibits
greater variation in scores across alternatives, it is considered to provide more valuable and
insightful information. Therefore, in the context of decision-making, such a criterion should
be accorded more consideration or weight compared to criteria with identical scores [39].

(b) Conflicting relationships between the decision criteria

Conflicting criteria are frequently used in an MCDM scenario to distinguish between
alternatives [40]. As a result, an alternative may not always be able to completely satisfy
all set criteria [41]. To account for these contradicting relationships, the CRITIC approach
uses the Pearson correlation coefficient, which has a range of −1 to 1. The two criteria, cj
and cj’, are independent of one another when the coefficient is zero. When the coefficient
is negative, the criteria are moving against one another. The contradiction between the
two criteria gets worse as the co-efficient gets closer to 1. In contrast, a positive coefficient
shows a parallel relationship between the two criteria and, when both have significant
positive coefficient values, implies a disproportionate overlap. A criterion that has a high
positive correlation with other criteria does not add new information and is, therefore,
viewed as having less value overall. The CRITIC approach assures that a criterion with a
larger degree of conflict or a lower degree of recurrence has a higher weight by adhering to
this concept, which is based on specific formulas [42].

By analyzing the selection criteria for solar photovoltaic (PV) sites and creating a
decision-support system, our study significantly contributes to the field. It is worthwhile
to note that no previous study has offered objective weights to the factors considered in
selecting a solar PV location utilizing the objective CRITIC approach. Our main goal is to
use the CRITIC–TOPSIS decision-making approach to evaluate the significance of factors
impacting the site selection of solar PV projects in order to fill the research gap. The block
diagram of the MCDM technique used in this study is shown in Figure 1.
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The remainder of the paper is divided into the following sections. An overview of
earlier research on the use of multi-criteria decision-making is given in Section 2. We go
into detail about how we came up with and chose the criteria for our study in Section 3,
along with the description of criteria and sub-criteria. The potential for solar energy in
Saudi Arabia is covered in Section 4, along with a description of the site identification
procedure. Section 5 provides more information on the CRITIC and TOPSIS techniques we
employed in our study. The findings are presented in Section 6, along with performance
ratings for each alternative. In Section 7, the proposed approach for ranking alternatives is
compared with the Simple Additive Weightage (SAW) and Multi-Objective Optimisation
based on Ratio Analysis (MOORA) methodologies. A sensitivity analysis is conducted
in Section 8 to assess the robustness and reliability of the model. Finally, in Section 9, we
draw conclusions regarding the effectiveness of our model, discuss limitations, and suggest
future research directions.

2. Multi-Criteria Decision-Making Approaches in Solar PV Site Selection

To obtain a substantial amount of energy generation, it is crucial to choose the best
sites for constructing solar PV power plants [43]. There has been a lot of fascinating research
on this subject that has been undertaken and written about. In these pieces of research,
the optimal location or alternative is typically determined using a geographic information
system (GIS) and the multi-criteria decision-making (MCDM) technique.

Decision-makers can use MCDM approaches as useful tools to prioritize acceptable
options based on a variety of criteria for a particular purpose [44]. MCDM approaches are
frequently used by planners and policymakers in the field of renewable energy (RE). Given
that multiple criteria or alternatives may lead to various outcomes among decision-makers,
group decision-making becomes crucial to the decision-making process. It is insufficient to
choose several sites for a RE project exclusively based on one criterion [45]. Table 1 provides
a summary of previous studies that have utilized hybrid MCDM and GIS techniques to
determine the optimal locations for solar PV plants.
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Table 1. Hybrid MCDM and GIS methods for PV site selection.

Authors Year RE Source Case Study Proposed Methodologies

[46] 2021 CSP Algeria GIS and AHP
[47] 2021 PV Sweden GIS
[48] 2020 Solar PV Malaysia ForgeSolar software
[49] 2020 Solar PV Turkey GIS and AHP
[50] 2019 Solar PV Mauritius GIS and AHP
[51] 2019 CSP China PROMETHEE
[52] 2019 Solar PV Pakistan AHP and fuzzy VIKOR
[53] 2018 Rooftop PV China ANP and VIKOR
[54] 2018 PV Morocco GIS and AHP
[55] 2018 Solar PV Iran GIS and Boolean–fuzzy logic model
[56] 2017 Solar PV Saudi Arabia GIS and AHP
[57] 2017 Solar PV-CSP Tanzania GIS and AHP
[58] 2017 Solar PV-Wind Afghanistan GIS
[59] 2016 Solar PV Spain GIS, AHP, TOPSIS, and ELECTRE TRI
[60] 2016 Solar PV-CSP Morocco GIS
[61] 2015 Solar PV–Wind UK GIS and AHP
[62] 2015 Solar PV Morocco AHP and GIS
[63] 2014 Solar PV Spain GIS and ELECTRE
[64] 2014 Solar PV Iran Fuzzy AHP and GIS
[65] 2013 Solar Turkey GIS and AHP
[66] 2008 Solar PV Spain GIS
[67] 2010 Solar PV Spain AHP and ANP
[68] 2014 Solar PV–Wind China ELECTRE-II
[69] 2014 Solar Iran SWARA, WASPAS, and Delphi
[70] 2016 Solar PV Korea Fuzzy AHP and GIS
[71] 2017 Solar PV Serbia GIS and AHP

The data presented in Table 1 demonstrate the variation in the number of alternatives
and criteria employed in previous studies. For instance, ref. [67] utilized the Analytic
Network Method (ANP) to analyze 4 alternatives based on 12 main criteria and 50 sub-
criteria for PV site selection. Study [68] focused on solar PV-wind site selection, considering
7 possibilities based on 5 criteria and 13 sub-criteria. In [69], the suitability of 25 solar
projects in Iran was evaluated using 4 criteria and 14 sub-criteria. Study [70] employed
fuzzy AHP and GIS to assess the potential of solar farms in South Korea, considering six
primary and eight sub-criteria for three alternatives.

In the context of specific regions, studies have been conducted to determine the
suitability of certain areas for solar PV projects. For instance, a GIS-AHP study in southern
Morocco revealed that 24% of the region is suitable for the construction of PV farms [62].
Similarly, in eastern Morocco, 19% of the land was found to be suitable for large-scale
solar PV projects using the AHP approach [54]. In Saudi Arabia, researchers computed a
land suitability index using the AHP approach to identify the best location for solar PV
sites [56]. In Serbia, the AHP approach was utilized to assess the natural solar PV potential,
highlighting the impact of climate, vegetation, and orography on ground-mounted PV
installations [71].

Table 1 also highlights the widespread use of the AHP method for criteria weight-
ing and ranking in the selection of solar PV sites. GIS applications have frequently been
combined with the AHP method compared to other decision-making approaches. Vari-
ous MCDM methods, such as TOPSIS, ELECTRE, and VIKOR, have been employed for
alternative ranking.

To the best of our current understanding, this research is the first effort to apply the
CRITIC–TOPSIS techniques to Saudi Arabia for the purpose of assessing and prioritizing
the site selection of solar PV generating plants. The chosen criteria were ranked according to
their weights using the CRITIC methodology, while TOPSIS was used as a second method.
Calculating the Euclidean distance allows TOPSIS to ascertain how close each alternative is
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to the ideal solution. The approach ranks alternatives according to how close they are to the
preferred outcome and how far they are from the undesirable outcome [72]. Alternatives
for the site selection of solar PV power projects in Saudi Arabia were categorized using the
TOPSIS approach.

3. Criteria Identification and Selection

It is imperative to carefully assess and analyze several decision criteria when choosing
a location for a solar PV power facility. This strategy guarantees the development of a
highly effective and environmentally sustainable energy generation system. Based on the
research carried out by [73–75], decision criteria and their associated sub-criteria were
chosen in this study for the site selection of solar PV power projects. Five main criteria
were established by the study: climatic; technical; economic; environmental; and social. A
total of 16 sub-criteria were created by further evaluating each criterion based on numerous
sub-criteria. Figure 2 gives a thorough summary of the chosen criterion and sub-criteria for
the project’s location.
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In the following section, a concise description of the criteria and sub-criteria identified
for the study discussed in this paper are provided.

(a) Climatic Criterion:

This criterion is significant when evaluating the viability and potential output of a
solar energy system at a specific site since it relates to area weather and climate trends.

Solar Irradiation: A PV plant’s ability to run continuously is typically determined
by the annual solar radiation, a meteorological factor used to assess the site’s sunshine
intensity. Solar radiation has a proportionate relationship with the PV power output.
RETSCREEN was used to determine the yearly average daily sun irradiation for each of
the selected locations.

Air Temperature: Owing to the science involved in how solar panels produce elec-
tricity, when a solar panel becomes too hot, its efficiency decreases. On the other hand,
lower temperatures increase the effectiveness of solar panels. In a nutshell, colder panels
enable more energy to pass through than hot panels when it comes to solar cell perfor-
mance. The average yearly temperature for all sites in this work was calculated using
RETSCREEN software.
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Wind Speed: Wind causes solar panels to cool. This does make a difference, even
if it does not significantly affect the overall solar panel productivity. Solar panels are
0.05 percent more efficient when cooled by 1 ◦C. Over time, this percentage increases.

Relative Humidity: On the surfaces of solar panels, minute water droplets or water
vapors may gather and deflect or refract light away from the solar cells. Consequently, less
sunlight strikes them, generating less electricity. During their lifetime, solar panels can
deteriorate under hot, humid conditions.

Sunshine Duration: This is an essential indicator of the amount of solar energy a place
receives. It is described as the interval during which direct sun irradiation of 1200 W/m2

or higher is received by a place. With an increase in the number of hours of sunshine,
more solar irradiation is received, resulting in increased generation of electricity from the
PV system.

(b) Technical Criterion

This criterion is related to the technical aspects of solar energy systems, and it is impor-
tant in determining the technical feasibility of the generation, installation, and operation of
a solar energy system at a particular site.

Electricity Exported to Grid: This is the total power of the PV system sent to the grid.
The value was determined by simulating a 5 MW grid-connected PV system using real-time
meteorological data in the PVSYST software for all sites.

System Losses: The system losses include array mismatch, ohmic wiring, and inverter
losses. This value is calculated by PVSYST software.

Temperature Losses: This criterion represents the decrease in energy yield due to the
increase in temperature above the nominal rating.

(c) Economic Criterion

This criterion refers to the financial aspects of solar energy projects, and it is essential
in evaluating the economic viability of a solar energy project at a specific site.

Annual Life-Cycle Savings: The yearly life-cycle savings are the levelized nominal
annual savings with the same net present value and life as the project. Using the project
life, discount rate, and net present value, the yearly life-cycle savings were calculated
using RETSCREEN.

Levelized Cost of Electricity (LCOE): The export rate of electricity needed to achieve a
zero Net Present Value (NPV) is represented as LCOE.

Payback Period: This is the time period the facility will take to generate the revenue
or savings needed to cover its initial costs. The underlying tenet of the simple payback
approach is that an investment is more desirable if its cost can be returned quickly.

Electricity Export Revenue: This value is calculated by multiplying the electricity
exported to the grid by the electricity export rate.

(d) Environmental Criterion

This criterion is related to the environmental impacts of solar energy projects and is
important in determining the environmental sustainability of a solar energy project at a
particular site.

GHG Emissions: These are the net GHG emissions per year resulting from the use of
fossil fuel for the generation of electricity instead of the PV system.

Soiling Loss: This is the power loss due to the accumulation of dirt on the PV panels.
This can degrade the performance of the PV systems over time. The value for soiling loss
was obtained using the PVSYST software.

(e) Social Criterion

This criterion refers to the social impacts of solar energy projects, and it is significant
in evaluating the social acceptability of a solar energy project at a particular location.

Population Density: The installation of a PV system must be nearby to a place with
enough consumers and skilled labor to reduce the expense of hiring labor to build, run,
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and maintain the PV system. The KAPSARK data portal was used to obtain the population
data for each alternative in this analysis.

The next phase of the research involves gathering data after the criteria have been
determined. In this context, the emphasis was on looking for reliable data sources that could
give us the details we needed to fill up Table 2. RETSCREEN, PVSYST, and KAPSARC
were among the data sources that were taken into consideration. Numerous studies
have confirmed the usage of the widely utilized software programs RET-SCREEN and
PVSYST for analyzing renewable energy systems. KAPSARC is a reputable energy research
organization, and studies involving energy frequently use its data.

Table 2. Calculated values of criteria.

Criteria Sub-Criteria References Data Abha Jeddah Dammam Riyadh Al Ahsa

Climatic

Solar Irradiation
(kwh/m2/day) [73,74] RETSCREEN 5.43 5.94 5.6 5.78 5.85

Air Temperature (◦C) [73,74] RETSCREEN 18.6 28.2 26.5 25.7 26.8

Wind Speed (m/s) [73,75] RETSCREEN 3.1 3.6 4.4 3 3.57

Relative Humidity (%) [73,74] RETSCREEN 54.9 60.4 52 26.6 39.1

Sunshine Duration (h) [73] PVSYST 8.7 9.2 9.2 9.2 9.4

Technical

Energy Exported to Grid (Mwh) [73] RETSCREEN 11,020 9505 8808 10,074 9220

System Losses (Mwh) [73] PVSYST 519.6 435.09 395.043 467.45 428.92

Temperature Losses (Mwh) [73] PVSYST 877.56 1072.6 930.8 1144.3 1072.9

Economic

Annual Life-Cycle Savings ($) [73,74] RETSCREEN 287,476 202,147 162,935 234,207 186,117

Levelized Cost of Electricity
($/Mwh) [73,74] RETSCREEN 30 35 38 33 36

NPV ($) [73] RETSCREEN 2,624,238 1,845,308 1,487,360 2,137,970 1,698,977

Payback Period (Year) [73,74] RETSCREEN 4.8 5.8 6.5 5.4 6.1

Electricity Export Revenue
($/Mwh) [73,74] RETSCREEN 528,964 45,6221 422,793 483,552 442,555

Environmental
GHG Emissions (tCO2/year) [73,74] RETSCREEN 8314 7170 6645 7600 6956

Soiling Loss (kwh/m2) [73,74] PVSYST 76.393 67.801 62.45 72.379 66.632

Social Population Density [73,74] KAPSARC 2,354,320 9,261,257 1,304,688 8,660,885 858,935

The software tool RETScreen is frequently used to assess the viability of projects,
including renewable energy and energy conservation. Solar radiation, air temperature,
wind speed, relative humidity, and other pertinent parameters are among the capabilities it
offers for calculating and analyzing technical and financial data linked to energy projects.
RETScreen has been used to obtain data on meteorological, technical, and economic aspects.
RETScreen gathers and computes the data using a combination of satellite and ground-
based data sources. In order to guarantee the correctness and dependability of the data
collected from these sources, the software employs a strict validation process. This includes
comparing data derived from satellites with measurements taken on the ground to ensure
the data is accurate and consistent. The use of reputable and trusted data sources, such as
NASA and the National Oceanic and Atmospheric Administration (NOAA), which give
data that is widely used and acknowledged in the field of renewable energy, can also show
the correctness and reliability of the data [76].

Solar energy systems are designed and simulated using the software program PVsyst.
It offers a variety of tools and capabilities for modeling solar energy systems and evaluating
their performance, and it is widely used in the solar energy sector. PVsyst was used to
determine sunshine duration (h), system losses (MWh), temperature losses (MWh), and
soiling loss (kWh/m2) in order to acquire and interpret the data shown in Table 2. To
produce precise and trustworthy statistics on solar resources, PVsyst draws on a range
of data sources, including measurements made on the ground and data collected from
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satellites. Additionally, PVsyst uses a strict methodology for data validation and quality
control, which includes sensitivity analysis, input data quality control, and model calibra-
tion and validation. Additionally, PVsyst models have been calibrated and validated using
real-world field data to guarantee that they appropriately depict how solar energy systems
behave in various scenarios. For the most part, PVsyst is a trustworthy and accurate tool
for simulating solar energy systems, and the information gleaned from it can be regarded
as trustworthy and accurate for the purposes of this study. However, the results should
always be interpreted with a certain degree of caution and awareness of the limits of the
underlying data and models, as no simulation tool can guarantee complete accuracy [77].

King Abdullah Petroleum Studies and Research Centre, or KAPSARC, is a well-known
and highly regarded energy research organization that has been carrying out thorough
studies on a variety of energy-related topics for many years. KAPSARC is widely regarded
as a top source of trustworthy and accurate data in the area of energy research, notably in
the Middle East region, as a result of its competence and reputation.

KAPSARC provided the information for the population density sub-criteria shown
in Table 2. This information’s use and acceptance in several studies and research projects
on energy attests to its dependability and accuracy. In order to guarantee that the data
they provide are of the highest quality and accuracy, KAPSARC has a well-established
reputation for adhering to strict and open data gathering and analysis processes [78].

It should be emphasized that the information in Table 2 is particular to Abha, Jeddah,
Dammam, Riyadh, and Al Ahsa in Saudi Arabia. As a result, the information might not be
relevant in other places.

Topographical coordinates of the five selected cities were obtained using Google Earth
software, and the solar data for the chosen cities were obtained using RETSCREEN software.
Data on latitude, longitude, average relative humidity (%), average air temperature (◦C),
annual average GHI (kWh/m2/day), and average GHI (kWh/m2/year) were gathered.
Figure 3 illustrates the solar statistics for the five selected Saudi Arabian cities.
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4. Saudi Arabia’s Solar Energy Potential

Saudi Arabia is the GCC nation with the highest potential for solar energy production.
The need for energy in Saudi Arabia is increasing every year, which has led to the burning
of numerous tons of oil and carbon-rich fuel to produce electricity. As oil is the country’s
main source of revenue, this has a negative impact on the Saudi economy. Furthermore,
the release of CO2 has an adverse impact on human health [79]. Saudi Arabia has thus
made tremendous efforts to move away from its present situation of complete reliance on
oil and towards new frontiers of investigation for other forms of renewable energy. PV
solar energy is the most desirable to be harvested in Saudi Arabia among all the renewable
energy sources. Thankfully, Saudi Arabia’s location is among the best in the world for solar
insolation. Figure 4 shows the average daily and yearly solar radiation for all regions of
Saudi Arabia. When the sky is clear, Saudi Arabia’s lands receive an average daily global
horizontal irradiance (GHI) of roughly 6.2 kWh/m2 [80].
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In addition, while the lifespan of PV modules has extended to approximately 30 years,
the cost of producing PV modules has reduced internationally over the past ten years to an
affordable level [81]. The cumulative installed capacity of the PV solar energy indicator
increased with the passage of time; it increased from 40 GW to 480 GW in the period from
2010 to 2018. However, it is predicted that more capacity will be built over the following
ten years to create roughly 3200 TWh by 2030, which would be approximately six times the
580 TWh produced in 2018 [82]. The performance of the PV module can be impacted by
Saudi Arabia’s warmer climate and the elevated outer surface temperature of the module.
Fluctuation in line losses, changes in the network voltage profiles, prospective node voltage
threshold errors, and raised fault current levels may result from the inverted power flow
from the PV system to the conventional power flow. Thus, depending on the network
structure and the area’s solar resources, adding large-scale PV systems to Saudi Arabia’s
current electrical power networks could have either beneficial or negative effects.

To integrate several solar projects with the current Saudi Arabian network, new rules
and procedures must be developed and adopted. In a similar vein, conducting research
studies with the aid of cutting-edge software tools and programs for the analysis of future
risks, evaluating their technical detrimental effects on the existing network, and exploring
the financial feasibility of implementing such projects will unquestionably clear the way
for policy-makers to eventually arrive at the right solution [83].

Most regions in Saudi Arabia receive sufficient solar irradiation throughout the year,
which creates very good geographic conditions for solar system installation. The primary
criterion used to select the cities for this study was that each site must receive a minimum of
5 kwh/m2/day of solar irradiation. Therefore, in this work, Dammam, Riyadh, Abha, Jed-
dah, and Al Ahsa were identified as the chosen cities of Saudi Arabia to study, as indicated
in Figure 5. In addition, various other factors, such as their location, size, and economic
importance, were also considered. The fact that the chosen cities are spread throughout
different regions of Saudi Arabia enables a more thorough evaluation of the viability and
potential of solar PV power projects throughout the entire country. Additionally, due to
their immense scale and economic significance, they are appropriate for research on how
solar PV power plants can have a significant impact on Saudi Arabia’s economy. A brief
description of each of the five chosen cities can be found in the paragraph that follows.

Saudi Arabia’s capital and largest city, Riyadh, is situated in the country’s central area.
As a result of its strategic location and convenient access to neighboring Saudi Arabian
provinces and cities, it serves as a major financial and transportation hub. Jeddah is the
second-largest city in Saudi Arabia, which is located in the western part of the country,
overlooking the Red Sea. Jeddah, a significant port city, acts as a crucial entry point for
trade and commerce between Saudi Arabia and other nations. The third-largest city in
Saudi Arabia, Dammam, sits in the country’s eastern area. It is a significant industrial
and commercial hub noted for its oil industry and sizable seaport. Abha, which is located
in southern Saudi Arabia, is a fairly small city when compared to the other chosen cities.
It is a well-liked tourist attraction in the nation due to its scenic beauty and temperate
environment. Lastly, Al Ahasa, well known for the agricultural sector, is a city in eastern
Saudi Arabia. Numerous colleges and research centers are also located in the city. By
selecting these particular cities, the study can offer a more thorough analysis of the potential
benefits as well as challenges of putting solar PV power projects into practice in Saudi
Arabia. Additionally, it can shed light on the best practices for project execution and
highlight the obstacles to deployment that must be removed to enable the development of
renewable energy in the country [84].
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5. Methodology

This study’s framework uses the CRITIC and TOPSIS approaches to evaluate and
select the best location for the construction of solar PV power projects in Saudi Arabia.
Figure 6 illustrates the study’s research framework. The CRITIC and TOPSIS approaches
are discussed in detail in the next section.
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5.1. CRITIC Method for Determining Criteria Weights

One of the weighting techniques that establishes objective weights for criteria is the
CRITIC (Criteria Importance Through Inter-criteria Correlation) method. Diakoulaki et al.
proposed the CRITIC technique in 1995. This approach considers the degree of conflict
and contrasts in the structure of a decision-making problem. Discrepancies between the
criteria are discovered using correlation analysis. According to this method, the decision
matrix is assessed along with the standard deviation of the normalized criterion values by
columns and the correlation coefficients of all pairs of columns to determine the criteria
contrast [85,86].

The proposed methodology in this work consists of six steps.
Step 1. In the first step, the decision matrix is formed, and the performance values of

all the alternatives are measured.

x =


x11 x12 · · · x1m
x21 x22 . . . x2m

...
...

. . .
...

xm1 xm2 . . . xmm


Step 2. Calculate the transformation of performance values. Using the ideal point

concept, the decision matrix values are transformed. We determined the ideal best so-
lution (x∗j ) and ideal worst solution (x−j ) for all criteria and then calculated the relative
deviation matrix.

xT
ij =

xij − x−j
x∗j − x−j

i f j ∈ B (1)

xT
ij =

xij − x−j
x−j − x∗j

i f j ∈ NB (2)

xij
T is the normalized performance value of the criteria, and xj− and xj* are the

minimum and maximum values of the criteria, respectively. Equations (1) and (2) are for
beneficial criteria (j ∈ B) and non-beneficial criteria (j ∈ NB), respectively.

Step 3. Calculate the standard deviation (s) of each criterion using their corresponding vectors.

sj =

√
1

m− 1
·

m

∑
i=1

(
xij − xj

)2 (3)

Step 4. Construct m × m square matrix R. The elements of the square matrix R are the
linear correlation coefficients between xj and xk.

R =
[

rjk

]
mxm

(4)

rjk =
∑m

i=1
(
xij − xJ

)
(xik − xk)√

∑m
i=1
(
xij − xJ

)2
∑m

i=1(xik − xk)
2

(5)

rjk is the correlation between the criteria. Both a criterion’s standard deviation
and its correlation to other criteria are taken into consideration when calculating the
criteria weights.

Step 5. Calculate the information measure of each criterion (Hj)

Hj = sj ∑m
k=1

(
1− rjk

)
(6)

The CRITIC method employs the standard deviation as an indicator of the importance
of each criterion. To account for inter-criterion relationships, the correlation matrix is used
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to allocate weight among correlated criteria using reduction coefficients (1 − rjk). The value
expressed in Equation (6) represents the level of conflict that arises from the jth criterion
relative to the other criteria. Finally, the information content of the jth criterion is calculated
through the multiplicative combination of measures according to Equation (6).

Step 6. Determine the criteria weights wj.

wj =
Hj

∑m
k=1 Hk

(7)

where Hk is the sum of the information measure of all criteria. This strategy, it may be said,
provides more weight to criteria with high standard deviation and little association with
other criteria. In other words, a larger value of Hj indicates that more information may be
gleaned from the provided criterion, thereby increasing the criterion’s relative importance
for the decision-making problem.

5.2. TOPSIS Method for Ranking Alternatives

Ranking the alternatives comes next after the weights of the criteria have been deter-
mined. To achieve this, the TOPSIS technique was used. The TOPSIS approach determines
the closeness of each alternative to the ideal option based on the concepts of ideal and
anti-ideal solutions. The TOPSIS technique offers a systematic way to assess and rank
options based on overall performance, making it an effective MCDM tool for making
decisions [87].

The TOPSIS method is implemented by following these steps:
Step 1. In the first step, the decision matrix is created, which shows how each alterna-

tive performs in relation to each criterion.

x =


x11 x12 · · · x1m
x21 x22 . . . x2m

...
...

. . .
...

xm1 xm2 . . . xmm


Step 2. Normalize the decision matrix by calculating as follows:

rij =
xij√
∑n

1 x2
ij

(8)

where rij is the normalized decision matrix and xij is the performance value of alternative i
on criterion j.

Step 3. In this step, determine the weighted normalized decision matrix (vij), the
weighted normalized decision matrix assigns weights to each criterion based on their
relative importance using Equation (9).

vij = rij×wj (9)

Step 4. Next, determine positive (A+) and negative ideal solutions (A−). A negative
ideal solution represents the poorest possible performance, whereas an ideal solution
reflects the best possible performance for each criterion.

A+ = { (max vij | j ∈ J , (min vij | j ∈ J−)}. (10)

A− = { (min vij | j ∈ J , (max vij | j ∈ J−)} (11)
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Step 5. Next, calculate the Euclidean distances between each alternative and the
positive ideal solution and negative ideal solution.

s+i =

√
∑n

i

(
vij − v+j

)2
(12)

S−i =

√
∑n

i

(
vij − v−j

)2
(13)

where s+i is the distance of the alternative from the positive ideal solution and S−i is the
distance of the alternative from the negative ideal solution.

Step 6. Calculate the relative closeness of each alternative to the ideal solution. The
ratio of the distance to the negative ideal solution to the total distances to the ideal and
negative ideal solutions represented as Ci in Equation (14) is used to determine how close
each alternative is to the ideal answer.

Ci =
S−i

S−i + S+
i

(14)

Step 7: The final step involves ranking the alternatives. The alternatives are ranked
based on their relative closeness values, with higher values indicating better performance.

6. Results and Discussion

A hybrid decision-support system is developed in this section using the above-
discussed CRITIC and TOPSIS approaches. A total of 16 criteria were defined. Criteria
C1, C3, C5, C6, C9, C11, C13, C14, and C16 are considered beneficial, meaning that higher
values are preferred, whereas criteria C2, C4, C7, C8, C10, C12, and C15 are considered
non-beneficial, favoring lower values. Following the determination of the decision matrix
and the normalized decision matrix illustrated in steps 1 and 2 of the CRITIC approach,
the standard deviation for each criterion is calculated using its corresponding vectors,
as shown in Table 3. The standard deviation represents the variability or diversity of
the values for each criterion across the alternatives being evaluated. The values of the
decision matrix and normalized decision matrix are provided in Tables S1 and S2 of the
Supplementary Materials.

Table 3. Standard Deviation Values of each criterion.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16

STDV 0.401 0.393 0.396 0.404 0.373 0.388 0.377 0.416 0.388 0.381 0.388 0.384 0.388 0.388 0.386 0.491

A high standard deviation indicates that the values for a criterion are widely spread out
and hence, will be assigned a higher priority, while a low standard deviation suggests that
the values are relatively close together and, therefore, a low priority is assigned to such crite-
ria. In this case study, the highest value of standard deviation was obtained for population
density, and hence, a higher priority was assigned to this criterion in the decision-making
process, followed by wind speed and GHG emissions. Then, the correlation matrix and
information measure of each criterion were calculated using Equations (5) and (6), respec-
tively. The correlation matrix is calculated by comparing the performance of each criterion
with every other criterion, and the information measure (H) represents the degree of redun-
dancy or overlap between the criterion and all the other criteria. The higher the information
measure, the less redundant the criterion is with respect to the other criteria and, therefore,
the more important it is in the decision-making process. In this work, the highest value of
H was obtained for criterion C16 (population density), followed by C3 (wind speed) and
C15 (GHG emission). The H values for all criteria are given in Table 4.
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Table 4. Criteria weights.

H 6.687 5.719 7.149 6.277 6.522 5.383 6.829 6.683 5.383 5.28 5.383 5.317 5.383 7.026 7.02 7.389
W 0.067 0.058 0.072 0.063 0.066 0.054 0.069 0.067 0.054 0.053 0.054 0.054 0.054 0.071 0.071 0.074

In the final step, the weight of each criterion is calculated using Equation (7). The
findings shown in Table 4 indicate that population density has the highest weight in this
study (0.07431), followed by wind speed (0.072) and GHG emission reductions (0.0707).
The weights for all other criteria are listed in Table 4.

The CRITIC technique assigns weights to criteria by considering both the contrast
intensity and inter-criteria correlation. The contrast intensity of each criterion was measured
using the standard deviation values, whereas the inter-criteria correlation was determined
using the information measure of each criterion. The calculated values of the inter-criteria
correlation are given in Table S3 of the Supplementary Material. The results in our model
are consistent, as the values for both the standard deviation and information measure were
higher for population density, wind speed, and GHG emission reductions. Hence, higher
priority was assigned to these criteria, as illustrated in Figure 7.
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After the weights for criteria have been established, the subsequent step involves
ranking the alternatives using the TOPSIS technique. TOPSIS uses the decision matrix as
the performance matrix. The normalized performance matrix and the weighted normalized
matrix are obtained using Equation (8) and Equation (9) respectively. The calculated values
of the normalized performance matrix and weighted normalized matrix can be found in
Tables S4 and S5 of the Supplementary Material, respectively.

The values of the ideal best solution (A+) and ideal worst solution (A−) were calculated
using Equations (10) and (11), respectively. Both the A+ and A− were used as reference
points to measure the relative performance of each alternative. The A+ and A− values for
each criterion are listed in Table 5.

Table 5. Positive and negative ideal solutions.

A+ 0.031 0.019 0.04 0.016 0.03 0.027 0.03 0.026 0.032 0.021 0.032 0.02 0.027 0.029 0.028 0.053

A− 0.029 0.029 0.027 0.035 0.028 0.022 0.04 0.034 0.018 0.026 0.018 0.027 0.022 0.036 0.035 0.005

In the next step, we calculated the distances between each alternative and the A+ and
A− values. The distance between an alternative and the ideal best solution is calculated
using the Euclidean distance formula given in Equation (12), whereas the distance between
an alternative and the ideal worst solution is calculated using the same formula but with
the signs of the values in the matrix reversed, as shown in Equation (13). Alternatives
with smaller Euclidean distances are considered more similar to the ideal solution and are
ranked higher.

Next, the TOPSIS method was used to calculate a performance score for each alterna-
tive by employing Equation (14). The alternative with the highest score is considered to be
the best alternative. Table 6 presents the performance scores and the Euclidean distances of
all the chosen alternatives.

Table 6. Euclidean distances of each alternative.

S+ S− C

A1 0.046 0.028 0.373
A2 0.029 0.055 0.658
A3 0.054 0.033 0.38
A4 0.021 0.056 0.727
A5 0.054 0.03 0.362

Finally, the alternatives were ranked based on their performance scores. The final
ranking shows that A4, with a performance score of 72.7%, is ranked first, followed by A2,
with a performance score of 65.8%. A3, A1, and A5 were ranked third, fourth, and fifth,
with performance scores of 38%, 37.3%, and 36.2%, respectively.

This study illustrates how energy planners and policy-makers can implement and
evaluate a strategic decision-making process by combining CRITIC and TOPSIS approaches.
This work was implemented in Saudi Arabia, where five cities had their potential for solar
PV project development assessed. In order to provide the research framework for this study,
which would provide an appropriate justification for the site selection of a solar PV power
project, the current analysis lays the groundwork for the government and decision-makers.

On a scale from zero to one, Figure 8 illustrates the performance score of each alter-
native, as determined in Equation (13), with Riyadh receiving the highest value. These
findings demonstrate the potential of Saudi Arabia’s location for hosting PV system facili-
ties. Based on the established criteria, Jeddah and Riyadh outperform the other three of the
five possibilities, scoring above 50%.
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7. Comparison of Results

In this work, the results of the TOPSIS method were compared with those of the
Simple Additive Weightage (SAW) [88] and Multi-Objective Optimization on the basis
of Ratio Analysis (MOORA) [89] methods. The results of the comparison are presented
in Table 7, using the weights derived by the CRITIC method. We chose to compare our
results with SAW and MOORA methods because our model relies on objective values, and
these methods are also objective and are commonly used for ranking alternatives based
on quantitative attributes. The variation in the values of each alternative among the three
methods can be explained by the use of different mathematical models for calculating
the performance values. Each method has its own approach to evaluating the criteria,
resulting in a distinct set of values for each alternative. The step by step calculations for
SAW and MOORA methods are provided in Sections S3 and S4 of the Supplementary
Materials respectivley.

Table 7. Comparison of Results.

Alternatives Proposed Method Rank SAW Rank MOORA Rank

Abha 0.3730 4 0.8366 3 −0.0071 3
Jeddah 0.6580 2 0.8375 2 0.0031 2

Dammam 0.3800 3 0.7853 4 −0.0359 4
Riyadh 0.7270 1 0.8682 1 0.0205 1

AL Ahsa 0.3618 5 0.7789 5 −0.0362 5

In the SAW method, the performance scores of each alternative on each criterion are
multiplied by their respective weights and then added up to produce a single score for
each alternative. The alternative with the highest score is ranked as the best.
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On the other hand, MOORA uses a ratio-based approach to rank alternatives. MOORA
calculates ratios by dividing each alternative’s performance score on each criterion by the
sum of the performance scores of all alternatives on that criterion. These ratios are then
multiplied by their respective weights to determine each alternative’s overall score. The
alternative with the highest overall score is ranked as the best. A negative performance
value indicates that an alternative has a performance value that is lower than the best
performance value observed for that criterion. Therefore, the negative values for Abha, Al
Ahsa, and Dammam in the MOORA table indicate that their performance in at least one
criterion is worse than the reference level used to calculate the performance value.

The results presented in Table 7 indicate that the ranking of the alternatives Riyadh,
Jeddah, and Al Ahsa remain consistent across all three methods. Riyadh is ranked as
the best alternative among all the five options, followed by Jeddah in second place and
Al Ahsa in fifth place. However, there are some differences in the rankings for the third
and fourth-place alternatives. According to the Proposed Method, Dammam is ranked
in the third position, and Abha is in the fourth position. In contrast, both the SAW and
MOORA methods rank Abha in the third position and Dammam in the fourth position.
This indicates some sensitivity to the choice of the decision-making method. It is important
to note that the rankings of the alternatives are slightly different across the three methods,
highlighting the need for careful consideration of the specific requirements of the problem
when selecting an appropriate method for decision-making.

8. Sensitivity Analysis

Sensitivity analysis is an important part of Multi-Criteria Decision Making (MCDM)
that aids in evaluating the stability and validity of the decision model. It entails assessing
the effects of adjustments to the decision variables, preferences, and criterion weights. Sen-
sitivity analysis enables decision-makers to pinpoint the crucial elements that significantly
influence a decision’s outcome and modify the model as necessary. By examining the effects
of changes in the input data on the output findings, sensitivity analysis in TOPSIS aids in
understanding the robustness of the decision-making process.

In this work, the sensitivity analysis with the TOPSIS method was performed by
varying the weights assigned to the criteria and observing the change in the ranking of
alternatives. This analysis will help with understanding the impact of the weights on the
final decision, and we will be able to check the robustness of the decision-making model.
The sensitivity analysis was performed by the following three methods:

• Case 1: By assigning equal weights to all criteria;
• Case 2: By assigning 60% weights to beneficial criteria and 40% weights to non-

beneficial criteria;
• Case 3: By assigning 70% weights to beneficial criteria and 30% weights to non-

beneficial criteria.

The weights of the criteria for all three cases are shown in Figure 9. In Case 1, all criteria
were given equal weights of 0.0625, and the TOPSIS method was used to calculate the posi-
tive and negative ideal solutions, as well as the Euclidean distance, resulting in the ranking
of the alternatives in the following order: Riyad > Jeddah > Abha > Dammam > Al Ahsa.
For Case 2 of the sensitivity analysis, beneficial criteria (C1, C3, C5, C6, C9, C11, C13,
C16) were assigned a weight of 0.075, and non-beneficial criteria (C2, C4, C7, C8, C10,
C12, C14, C15) were assigned a weight of 0.050. After applying the TOPSIS method, the
rankings remained the same as those in Case 1. In Case 3 of the sensitivity analysis, the
weights were changed again, with the beneficial criteria receiving a weight of 0.0875 and
the non-beneficial criteria receiving a weight of 0.0375. The TOPSIS technique resulted in
the same ranking order as in Cases 1 and 2: Riyad > Jeddah > Abha > Dammam > Al Ahsa.
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9. Conclusions

The potential of solar energy to produce electricity for sustainable development in
Saudi Arabia is enormous. The use of solar energy instead of fossil fuels provides several
advantages, including increased employment prospects and increased regional and national
economic development.

Ranking the regions for building solar PV power projects in Saudi Arabia is, therefore,
a crucial step. A difficult decision dilemma exists when selecting the location for solar
power installation. As a result, this study has attempted to address this issue and offers a
novel hybrid research methodology for Saudi Arabia’s selection of solar PV project sites.

To determine the best site, this study investigated a variety of locations that would be
appropriate for the construction of solar PV power projects and then applied the CRITIC
and TOPSIS approaches for optimum site selection. Initially, 5 main criteria (climatic,
technical, economic, environmental, and social) were identified with a total of 16 sub-
criteria. Then, in the second step, weights were assigned to each sub-criterion. This work
is the first instance in which the CRITIC method, which is based on objective values, was
used to assign weights to the 16 sub-criteria, as in all previous studies, subjective methods
were used for assigning weights to criteria. The TOPSIS method was employed for ranking
the five alternatives. Of the 5 selected cities, the performance scores of 2 sites, i.e., Riyadh
and Jeddah, were greater than 50%, whereas the remaining 3 cities scored less than 50%.
The Riyadh site was ranked first with a performance score of 72%, followed by the Jeddah
site, which is ranked second with a performance score of 65%. By varying the weights
of the criteria, a sensitivity analysis was also carried out to verify the robustness of the
model. In every trial for the three separate scenarios, the optimum cities were A4 and A2.
Consequently, it has been demonstrated that this method is reliable and valid and can be
used in any area where solar PV power projects have the potential to be installed.

The data-driven hybrid model developed in this work offers increased transparency
by using objective values for all criteria. This could help build trust with stakeholders
as they can see how exactly each site was evaluated and why certain sites were chosen
over others. Moreover, this model can help reduce the time and cost associated with the
decision-making process. This is because stakeholders can quickly evaluate multiple sites
and compare them based on objective criteria without having to rely on subjective or time-
consuming evaluations. Furthermore, the hybrid model is easily scalable and adaptable
to other similar problems. The combination of CRITIC and TOPSIS criteria can be used
in other site selection problems, providing a solid framework to analyze and evaluate
options. Although the hybrid model in this work offers, a number of advantages but one
of the limitations of the model is its limited scope. As the model is tested on a specific
set of criteria that were chosen for this work, which means that further testing may be
required if new criteria are added to the model for site evaluation. Since the model is data-
driven, therefore, the accuracy and reliability of the data are of utmost importance, as the
uncertainties and gaps in data could lead to inaccurate results. The CRITIC–TOPSIS model
for solar PV site selection is a promising approach that has many potential applications in
the field. In future work, the model could be integrated with machine learning techniques,
such as neural networks or decision trees, to improve its accuracy and predictive power.
This could help to identify patterns in the data that may not be apparent in this hybrid
model. Moreover, for the model to handle data that has different levels of uncertainty, other
probabilistic methods or fuzzy approaches could be combined with this model to make a
more informed decision under the condition of uncertainty. The hybrid CRITIC–TOPSIS
model can be generalized to other renewable energy sources, such as wind or hydro-power.
Future research can focus on adapting the model to these other sources and identifying any
necessary modifications.
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