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Abstract: The remarkable developments in renewable energy at the global scale have paved the way
for a sustainable future and cleaner environment. As a fundamental element of this renewable energy
revolution, wind energy has received tremendous attention worldwide. In order to harness maximal
energy from a wind farm, one crucial decision is the selection of a turbine that is most compatible with
the geographical and topographical characteristics of the location under consideration. This selection
mechanism ideally considers multiple conflicting decision criteria—i.e., an improvement in one
criterion negatively impacts one or more other criteria. Therefore, a tradeoff solution is desired in
which the selection criteria are simultaneously optimized to the best achievable limits. Considering
the above observations, this paper proposes a TOPSIS (the technique for order of preference by
similarity to ideal solution)-based wind turbine selection approach. The problem is modeled as
a multi-criteria decision problem while considering hub height, wind speed, percentages of zero
and rated output, and annual energy production as the decision criteria. A case study is shown
for data collected from two potential sites in northern and north-western Saudi Arabia. Fifteen
turbines with rated capacities ranging from 1.5 to 3 MW from various manufacturers were evaluated.
Results indicate that the TOPSIS approach was effective in identifying the best turbines for each site.
Furthermore, the proposed approach helped in identifying the similarities in the behavior of turbines
for the two sites. A comparison of the TOPSIS approach with other multi-criteria decision-making
techniques proved the robustness of the method.

Keywords: multi-criteria decision-making; TOPSIS; wind energy; wind turbine selection

1. Introduction

The need for energy has been a fundamental requirement for mankind. From the stone age to
the present era, human beings have used energy in various forms [1]. The requirement for energy
has especially become vital for survival of mankind in present times due to immense industrial
developments and technology-infused lifestyles. For the past one hundred years, fossil fuels have
catered to the energy requirements of the world. However, the use of these fossil fuels came with a
price in terms of environmental deterioration. Furthermore, the extraction and refining of these fossil
fuels is a highly expensive process. In addition, the fluctuating oil prices create uncertainty in the
world economy.

The above issues have led to the development of renewable energy systems which can harness
energy from renewable sources. Among these sources, wind energy has become an attractive choice
around the globe for generating clean, cheap, and commercially viable power [2]. In comparison with
traditional fossil fuels, another appeal of utilizing wind energy is the less complex deployment of wind
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turbines; plus, they require far lesser operational and maintenance costs [3]. Furthermore, wind is
not restricted by national borders and therefore cannot be controlled by countries, as is the case with
fossil fuels and other traditional sources of energy. The long operational age of 20 to 25 years of wind
turbines also makes the utilization of wind energy an attractive choice [3].

The importance of wind energy for sustainable growth comes from the recent trends in wind
energy usage. Statistics indicate that the generation of wind energy has seen almost exponential
growth over the past two decades, as illustrated in Figure 1. The figure shows that global wind energy
generation has increased from almost 17 GW in the year 2000 to over 651 GW in 2019 worldwide [4].
According to a recent report by the Global Wind Energy Council [4], an onshore capacity of 60.4 GW
was added worldwide in 2019, indicating an increase of 19% compared to 2018. China still leads the
world, with a total of 230 GW of onshore installed capacity [4]. They are followed by the US, which
had total onshore installations of over 100 GW in 2019 [4]. Other countries with new installations
in the top five are India (2.4 GW), Spain (2.3 GW), and Sweden (1.6 GW) [4]. Many other countries
around the globe are striving to add more wind energy to their national grids [4].
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Figure 1. Growth of wind energy installed capacity: 2000-2019.

In order to design an efficient wind farm that would generate the maximum possible energy;,
a crucial decision is to select the turbine type that is most suitable to the geographic and topographic
conditions of the site. This decision problem is formally referred to as the turbine selection problem.
Over the years, the turbine selection problem has received notable attention from researchers [5-30].
Like many computational and engineering problems, the turbine selection problem has two main
elements—the problem model and the computational model. From an engineering point of view,
a good problem model should reflect the real environment as much as possible, so that the model
can be used in practical and commercial applications. From the computational science perspective,
the algorithm that is used to solve an engineering problem should not only fully integrate with the
problem model, but should be computationally efficient as well. As discussed in Section 3, many of the
studies proposed an efficient problem model, but the computational model was not effective. In other
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studies, the case was the opposite. Therefore, there is a need to have an approach that provides both
an effective problem model and computational efficiency.

As far as the problem model is concerned, the turbine selection problem should ideally be
modeled as a multi-criteria decision-making (MCDM) problem, where several decision factors
should be considered in the turbine selection process, for a more realistic and practical problem
design. For example, the fluctuations in the wind speed negatively affect the amount of energy
generated, and therefore, the selection of a turbine should consider the wind speed as a decision factor.
Furthermore, the variations in wind speed depend on several factors, such as geographical location,
climate, topography, and turbine hub height. While the first three factors depend on the natural
conditions of the location and cannot be changed, the turbine height is a user controlled variable.
This turbine height is directly related to the wind speed, which in turn affects several other factors, such
as percentage of zero output, percentage of rated output, and annual energy production. Percentage of
zero output refers to the percentage of time for which a turbine does not produce any energy. Likewise,
percentage of rated output refers to the percentage of time during which a turbine produces maximal
energy. The annual energy production refers to the total energy produced by a turbine over a period of
one year. Studies have shown that the hub height (the height of tower on which a turbine is installed)
is crucial for the amount of energy generated from a turbine [21,31]. The reason is that wind speed is
different at different heights, and more wind is available at higher altitudes, thereby resulting in higher
energy yields [31]. However, hub height cannot go beyond a certain limit due to technical, financial,
structural, and operational issues. Studies indicate that increasing the hub height just by 10 m results
in an overall cost increment by of around USD 120,000 [21]. Therefore, it is not possible to optimize
hub height, wind speed, percentages of zero power and rated power, and annual energy output at
the same time due to the conflict among them. Accordingly, the problem model desires an approach
which can effectively provide a balance between the aforesaid factors. This balance can be achieved by
utilizing multi-criteria decision-making (MCDM) techniques.

Over the years, several MCDM techniques have been proposed in the literature. One such
technique is the technique for order of preference by similarity to ideal solution, commonly known
as TOPSIS. The approach has been successfully applied to a number of MCDM problems in several
disciplines. In addition, the TOPSIS approach provides a simple yet effective mechanism to deal with
multiple criteria, in addition to being computationally efficient. These observations motivated the use
of the TOPSIS technique for the wind turbine selection problem that is modeled as an MCDM problem
in this paper. The paper demonstrates the application of the proposed novel method based on TOPSIS
for data sets from Saudi Arabia. However, this method can be used comfortably with any data set
from anywhere. Thus, the proposed method is not localized, but rather applied to a local problem.
A detailed discussion on the novelty of the method, based on the published work, has been given in
Section 3.

The rest of this paper is organized as follows. Section 2 provides the status of previous research
and current status of the turbine selection problem. This is followed by a discussion on the motivations
and contributions of the proposed work in Section 3. The methodology of the study is discussed in
Section 4. Application of the TOPSIS method to the underlying problem is discussed in Section 5.
Section 6 provides the results and discussion of the TOPSIS method, organized in three subsections.
Furthermore, comparison of the TOPSIS method with other MCDM techniques is provided in Section 7.
Finally, conclusions are provided in Section 8.

2. Literature Review

As mentioned in Section 1, the turbine selection problem is concerned with both the problem
model and the computational model. Accordingly, the literature review on the turbine selection
problem in the following paragraphs is organized considering the problem and computational models.
A summary of reviewed literature is also provided in Table 1.
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Sarja and Halonen [5] carried out interviews with wind energy experts and identified product
reliability and availability, production volume, cost, and maintenance management as the important
factors for turbine selection. The main drawback of the study was that modeling of the problem was
not provided which would be used to make the selection decisions. Perkin et al. [6] identified rotor
diameter, generator size, hub height, pitch angle range, and rotations per minute (RPM) range as the
decision criteria. A genetic algorithm (GA)-based approach was developed. The major concern of the
study was the computational complexity arising from the use of GA. Nemes and Munteanu [7] used
system reliability indices to compare nine different wind turbine types. Chowdhury et al. [8] used
energy production capacity as the only criterion for decision making, and utilized a particle swarm
optimization (PSO) algorithm to solve the problem. Only one turbine type was considered in the
optimization process. Furthermore the use of PSO was not an appropriate decision since the algorithm
has a high time complexity.

Firuzabad and Dobakhshari [9] used turbine reliability as the only selection criterion, based on
which a probabilistic model was developed while assuming five turbine types in the selection pool.
Bencherif et al. [10] adopted an approach based on Weibull distribution but considered capacity
factor as the only decision criterion. They studied the proposed approach using 24 turbine types.
Montoya et al. [11] adapted GA and used two decision criteria which were power output and deviation
in daily power output. Chowdhury et al. [12] considered 121 varieties of turbines while using cost of
energy as the decision criterion, but a limitation was the complexity of the algorithm they proposed.
Bekele and Ramayya [13] considered blade design as the decision factor and used GA to optimize
the blade shape according to site specifications. A major limitation of the study was that their
approach was to design a completely new turbine for each specific site, rather than using existing
turbines from different manufacturers. Helgason [14] used minimum cost of energy as the decision
criterion and applied their proposed approach to study various sites in Iceland while assuming
47 different turbine types. Dong et al. [15] adapted several nature-inspired algorithms, namely,
GA, PSO, and differential evolution (DE) for turbine selection while using matching index, turbine
cost index, and the integrated matching index for selection. Shirgholami et al. [16] identified over
30 decision criteria for turbine selection, but also identified that only a subset of these criteria could
be used in the selection process. The selection of these criteria was done based on the characteristics
of the potential site. They used an AHP-based approach. Bagocius et al. [17] proposed a turbine
selection strategy based on WASPAS method for offshore wind farms while considering five selection
criteria. These criteria were nominal power of the wind turbine, maximum power generated in
the area, the amount of energy per year generated in the area, investments, and CO, emissions.
However, only four turbine types were considered. Khan and Rehman [18,19] proposed the use of
fuzzy logic for turbine selection while considering hub height, zero output percentage, and rated
output as the decision criteria. They also proposed an enhanced two-tier selection approach [20]
based on fuzzy logic. Furthermore, goal programming and weighted sum (also known as weighted
linear combination, weighted aggregation, and simple additive weighting) approaches for turbine
selection were also proposed by them [21-23]. All their studies considered a few sites in Saudi Arabia,
while considering turbines types with small to medium rated powers. Sagbansua and Balo [24]
used the AHP approach for selection of turbines from different manufacturers while considering
technical, economic, environmental, and customer related factors. However, they considered only
1.5 MW turbines. Furthermore, no comparison with other techniques was made. Shateranlou and
PourHossein [25] proposed a blade element momentum (BEM) method combined with multi-objective
optimization algorithms to select the best turbine. Using their proposed approach, they extracted the
power curve for a specific site, and then selected the turbine that fits this power curve. They used
turbine blade radius, tip speed ratio, blade sectional radius width (chord) and twisting angle
distribution, turbine tower height, and blade airfoil standard as the decision criteria. Dinmohammadi
and Shafiee [26] proposed a hybrid AHP-TOPSIS-based multi-criteria model for the selection of
turbines with different structures. They considered bottom fixed, floating, vertical-axis, horizontal-axis,
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gearbox-operated, and gearless wind turbines. Hammad and Batarseh [27] proposed a method similar
to that of Shateranlou and PourHossein, but using the mapping of Weibull probability functions.
They mapped the Weibull probability functions of several sites with the power curve of various
turbines, and then chose the best turbine that showed the highest compatibility with the characteristics
of that specific site. Jakubowski et. al. [28] used an approach very similar to Hammad and Batarseh
by mapping the Weibull probability distribution of wind conditions in a site in Poland to the power
curves of various turbines. Sedaghat et. al. [29] used the levelized cost of electricity, capacity factor,
and normalized annual energy production as the decision criteria through generation of Pareto front
to select the best turbine. Beskese et al. [30] proposed a hybrid AHP-TOPSIS approach for wind
turbine evaluation for a potential site in Turkey. The model was developed using qualitative and

quantitative data.

Table 1. Summary of reviewed literature.

Ref. Year Method Decision Approach Number of Criteria
[5] 2013 Nil Nil
[6] 2015 GA Multi-criteria 5
[7] 2010 Others Single-criteria 1
[8] 2013 PSO Single-criteria 1
[9] 2009 Probabilistic model Single-criteria 1
[10] 2014 Weibull distribution Single-criteria 1
[12] 2016 Self-proposed Single-criteria 1
[13] 2013 GA Single-criteria 1
[14] 2012 Self-proposed Single-criteria 1
[15] 2013 GA, PSO, DE Multi-criteria 4
[16] 2016 AHP Multi-criteria Over 30
[17] 2014 WASPAS Multi-criteria 5

[18,19] 2012 Fuzzy logic Multi-criteria 3
[20] 2016 Fuzzy logic Multi-criteria 6

[21,23] 2019,2017  Fuzzy goal programming Multi-criteria 6
[22] 2017 Weighted sum Multi-criteria 5
[24] 2017 AHP Multi-criteria 14
[25] 2016 Blade element momentum Multi-criteria 6
[26] 2017 Hybrid AHP-TOPSIS Multi-crtieria 4
[27] 2015 Weibull distribution Single-criteria 1
[28] 2017 Weibull distribution Single-criteria 1
[29] 2019 Pareto dominance Multi-criteria 3
[30] 2020 Hybrid AHP-TOPSIS Multi-criteria 9

3. Contributions of the Proposed Work

The literature review in the previous section discussed relevant studies. Accordingly,
certain limitations in those studies can be identified with respect to the problem models and
the computational methods. As far as the problem models are concerned, several studies used
simple decision models, or used selection criteria for which the required data are difficult to obtain.
For example, single selection criteria were used in several studies [7-10,12-14], which made the models
rather unrealistic. Furthermore, in studies where multi-criteria models were used, the decision criteria
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used in the underlying decision models were complex since the data for the decision criteria were
difficult to obtain [5,7,9,15-17,25,30]. Examples of such criteria are product reliability and availability,
maintenance management, system reliability indices, matching index, turbine cost index, the integrated
matching index, CO; emissions, turbine blade radius, tip speed ratio, blade sectional radius width
(chord) and twisting angle distribution, and blade airfoil standard.

With regard to the computational methods, the majority of studies used complex algorithms.
For example, non-deterministic algorithms such as GA, PSO, DE, and Pareto frontier approach were
used in several studies [6,8,11,13,15,29]. The aforementioned algorithms have limitations with regard
to their computational efficiency; in comparison with a deterministic algorithm (such as TOPSIS),
they take a notable amount of time to generate the best solution. Similarly, methods such as the
analytical hierarchy process (AHP), fuzzy logic, the weighted sum method, and goal programming
have been used in several studies [16,18-21,23,23,24]. While the computational efficiencies of those
methods are better than those of non-deterministic algorithms, other limitations can be observed.
A practical limitation of AHP is that a high number of alternatives implies a large number of
comparisons [32]. In fuzzy logic, the selection of an appropriate fuzzy operator is a challenge, as
different fuzzy operators may give different results [21]. In goal programming, identifying the target
(ideal solutions) is a difficult task, since incorrect targets may result in inefficient solutions [33]. A major
concern with the weighted sum method is that a small change in weights may result in big changes in
the criteria’s importance and significantly different weights may produce nearly similar decisions [34].

The TOPSIS method, on the other hand, does not suffer from most of the above concerns.
The TOPSIS approach is a computationally efficient method. The method is simple and able to
consider a non limited number of alternatives—a limitation of the AHP method [35]. The method has
been effectively used to solve a number of decision problems. Furthermore, the TOPSIS method does
not require involvement of the decision-maker for defining upper and/or lower limits of criteria, as is
required in fuzzy logic, goal programming, or the weighted sum method. Noting these characteristics,
the key contributions of the work proposed herein are enumerated as follows:

1. A TOPSIS-based approach is proposed for the turbine selection problem. To the best of our
knowledge, this study is the first attempt to solve the turbine selection problem using the
TOPSIS method.

2. A multi-criteria decision approach is employed using important and relevant criteria.
These criteria include hub height, wind speed, percentage of zero power, percentage of rated
power, and annual energy production. The importance of these criteria is endorsed by several
previous studies [18,21,29,36,37]. Furthermore, the approach is robust and scalable, and can be
easily extended to accommodate more selection criteria.

3.  Asopposed to many previous studies, the proposed method was tested on real data collected
from two potential sites in Saudi Arabia, namely, Turaif and Wejh. However, the approach is
generic and is broadly applicable to any real site around the globe.

4. To demonstrate the impact and diversity of the TOPSIS approach in different scenarios,
a comparative analysis on the performance of the proposed TOPSIS approach is provided
with regard to the two diverse potential sites. Both sites have different topographic and
climatic conditions.

5. Comparison of the TOPSIS approach is done with three other MCDM techniques that were
employed for turbine selection problem in previous studies [18-23]. These techniques include the
weighted sum method, fuzzy logic, and goal programming. The comparison aims at analyzing
the trends of a turbine type for the two sites when TOPSIS is used and when all four techniques
are used in an aggregated manner.

4. Methodology

A quantitative model is adopted in the research and is based on an empirical study. The important
decision criteria have been identified by the literature. These criteria are hub height, wind speed,
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percentage of zero power, percentage of rated power, and annual energy production. These criteria
were used to develop the TOPSIS-based turbine selection model. Six decision criteria were considered
in the model. The measurements were taken with a step size of 10 m for hub height. Using the
input data for the five decision criteria, the ideal limits were identified, which were used as inputs
in the TOPSIS module. The output of the TOPSIS module gives the relative ranking of each solution.
This procedure was repeated for each turbine at a later stage to identify the best turbine.

The above approach was implemented using a program in C++ language. For each turbine,
site specific data were fed as input to the program which generates several solutions. The best (optimal)
solution is also identified by the program based on the strategy discussed in Section 5. The site-specific
information focuses on data for wind turbines in the range of 1500 to 3075 kW. Empirical analysis
was carried out, providing comparisons of different types of turbines for the two sites. Based on the
outcomes of the analysis, interpretations and recommendations were made.

5. Application of the TOPSIS Method for Turbine Selection

TOPSIS (technique for order preference by similarity to an ideal solution) [38] is an MCDM
technique that selects the best solution from a pool of solutions. The primary concept of the method is
that the chosen solution should be the closest to the positive ideal solution and the farthest from the
negative ideal solution [39]. The method is simple and computationally efficient. The procedure of
TOPSIS consists of a series of steps [39] listed below:

1. Calculate the normalized decision matrix. The calculation of the normalized value 7;; is done as

xi]‘

nij = i=1,.,m j=1,.,n (1)

m 2
i=1%]]

2. Calculate the weighted normalized decision matrix. The calculation of weighted normalized
value v;; is done as
Uij = w]-n,-j i= 1,m ] = 1,...,1’1 (2)

where w; is the weight of the iy, criterion, and E]’-‘:l wj =1
3. Determine the ideal solutions (both positive and negative):
St =A{of, .., 05} = {(max vij|i € I)(minvyli € ])} (3)
S™ ={v;,., v, } = {(minvj|i € I)(max vyli € J)} 4)
where [ is associated with benefit criteria, and | is associated with cost criteria.

4. Calculate the separation measures, using the n-dimensional Euclidean distance. The separation
of each solution from the positive ideal solution is given as

n 211/2
df = {Z}.:l (vij — v;’) W2 i=1,.,m (5)
Similarly, the separation from the negative ideal solution is given as

di = {27:1 (vij — vj_)z}l/2 i=1,..,m (6)

5. Calculate the relative closeness to the ideal solution. The relative closeness of the solution S; with
respect to ST is defined as

i i=1,.,m @)
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Note that since d;” > 0 and d;” > 0, then R; € [0,1]
6.  Rank the preference order. The solution with the highest value of R; is the best solution.

Figure 2 illustrates the pseudo code of the TOPSIS method. In order to apply the TOPSIS method
to the multi-criteria turbine selection problem, several requirements need to be fulfilled. The first and
foremost requirement is to identify the decision criteria. In this work, five decision criteria are assumed.
These are hub height, wind speed, zero output percentage, rated output percentage, and annual energy
production. Note that while five criteria are assumed, the proposed TOPSIS approach is scalable and
can be extended to as many criteria as required without the loss of generality. The second requirement
is to assign weights to each of the five criteria to calculate the weighted normalized decision matrix.
A simple weighting assignment is to treat all criteria equally, thereby resulting in a weight of 0.2 for
each criterion. The third requirement stipulates the need of satisfying the incommensurability, which is
inherently dealt with by the TOPSIS approach. Incommensurability refers to situation where different
decision criteria have different units and magnitudes.

6. Results and Discussion

Empirical research was carried out; real data were collected from two potential and geographically
diverse sites in Saudi Arabia. These two sites are Turaif and Wejh. The former is located in the northern
part of Saudi Arabia, while the latter is in the north-western part of the country. Turaif is at a
height of 827 meters above sea level, while Wejh is located at a height of 24 meters above sea level.
The measurements for wind speed were taken at hub heights ranging from 50 to 140 m. The speed of
wind was interpolated or estimated at an interval size of 10 meters using local wind shear exponent.
The data for the study were collected over a period of 39 years, from 2 January 1980 to 31 December
2018 and are comprised of hourly average values [40]. Necessary information relevant to this study
was extracted from the collected data. Moreover, 15 different turbines from various manufacturers
were considered. The rated capacities of the turbines were between 1.5 and 3 MW. Table 2 provides
specifications of these turbines.

The TOPSIS analysis was carried out using the input data. Results were divided into three sets of
analysis. In the first set, data for a specific turbine were selected and TOPSIS analysis was performed to
identify the best balance between hub height (HH), wind speed (WS), percentage of zero output (ZP),
percentage of rated output (RP), and annual energy production (AEP). This procedure was repeated for
all turbines and the best tradeoff solution was found for each turbine. In the second analysis, the best
solutions for each turbine from the first phase were mutually compared, and the best turbine among all
turbines was identified. In the third analysis, results from the two sites were compared and analyzed
to observe any specific trends. Details of these analysis are provided in the following sections.
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Algorithm TOPSIS

Input: Wind turbine criteria values Xx;

Weight of each criterion wj;
Output: Best T //T is the best tradeoff solution

Create a decision matrix D

//Calculate normalized decision matrix
FOR x!‘]‘ in D do

Calculate ny

ENDFOR

//Calculate normalized weighted decision matrix
Calculate v;=w;n;
ENDFOR

//Determine the positive and negative ideal solutions
FOR v; in D do

Calculate S and S
ENDFOR

//Calculate separations from S* and &
FOR v; in D do

Calculate d; and d;
ENDFOR

//Determine R;
FOR v; in D do

Calculate R;
ENDFOR

Rank the solutions and return solution with maximum R;

Figure 2. Pseudo code of the TOPSIS method.

Table 2. Specifications of turbines used in the study.

Turbine Rated Power (KW) Rated Speed (m/s) Rotor Diameter
Acciona AW 70/1500 Class I 1500 14 70
Alstom ECO 100/2000 Class I 3000 17 100
DeWind D92 2000 13 93
Dongfang DF110-2500 2500 10 110
Doosan WinDS3000 3000 12.5 91.3
Enercon E-82 E2/2000 2300 13 82
Enercon E-82 E4 /3000 3000 16 82
Gamesa G97-2.0 MW 2000 14 97
Hanjin HYWT2000-93 2000 12.5 93
Leitwind LTW70-2000 2000 13 70.1
Nordex N131/3000 3000 14 131
Sinovel SL3000/115 3000 11.5 115
Vestas V110-2.0MW 2000 11.5 110
Vestas 112-3.0MW 3075 11.5 112
Windtec FC 3000-130 3000 10.5 130

6.1. TOPSIS Analysis for Identification of Best Tradeoff

In this phase, data collected from the two sites were analyzed and the best tradeoff solution
for each turbine was identified using the TOPSIS method for each site. Tables A1-A15 given in
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Appendix A show the results for the 15 turbines for the two sites. The measurements for the decision
criteria were taken at different hub heights. The best balance for each site is marked in boldface. As an
example, consider Table A1l. The first decision criterion, the hub height, is given in column 1. This
criterion is common for both sites. Then, the values of other decision criteria are mentioned in columns
2-5 for Turaif and columns 9-12 for Wejh. The values of the output, R;, are given in column 8 for
Turaif and column 15 for Wejh. The higher the value of R;, the betterthe selection. As an example,
consider Table A1, where the maximum R; for Turaif is 0.429. Similarly, in the same table, the maximum
value of R; for Wejh is 0.656. Both choices indicate the best selection for the respective sites.

As far as Turaif is concerned, results in Tables A1-A15 indicate that the best tradeoff between
the decision criteria was found at the hub height of 130 or 140 m, identified by the corresponding R;
values. There is one exception of turbine type Acciona AW 70/1500 Class I, for which the best tradeoff
was found at 60 m. Similar trends are found with regard to Wejh; the best tradeoffs were found mainly
at 140 m, with Dongfang DF110-2500 standing best at 130 m. Furthermore, there are instances where
decisions at 130 and 140 meters were the same. Such instances are Dewind D92 and Doosan WinDS
3000 for Turaif, and Windtec FC 3000-130 for Wejh. In this scenario, it is the role of the decision-maker
to pick any of the two solutions.

6.2. TOPSIS Analysis for Identification of Best Turbine

In order to identify the best turbine for each of the two sites, Tables 3 and 4 consolidate the best
results from Tables A1-A15. The best results were identified by the maximum R; values which are
indicated in the last columns of Tables 3 and 4. It is observed from these tables that the best turbine
for both sites was Enercon E-82 E4/3000, since the maximum R; value (marked in boldface) for both
sites is associated with this turbine. Furthermore, the second best turbine for both sites is Alstom
ECO 100/2000 Class I. As far as the worst turbines are concerned, results indicate that Acciona AW
70/1500 Class I was the worst performer for Turaif, while Dongfang DF110-2500 was the worst turbine
for Wejh.

Table 3. Best tradeoff for each turbine for Turaif. The best turbine among all is marked with an asterisk.

Turbine HH WS ZP  RP AEP 4t 4T R

Acciona 60 624 1287 021 2,696,078 0.068 0.051 0.429
Alstom 140 7.02 200 027 7785749 0.057 0.083 0.591
DeWind 140 7.02 1799 115 5,502,655 0.057 0.074 0.564
Dongfang 130 6.95 7.16 1094 8,993,076 0.051 0.066 0.560
Doosan 140 7.02 7.00 1.56 6,779,562 0.057 0.073  0.559
EnerconE2 140 7.02 1.26 1.80 5,739,430 0.057 0.071  0.554
EnerconE4 140 7.02 451 018 5,769,935 0.057 0.088 0.606 *
Gamesa 140 7.02 417 052 7,001,725 0.057 0.076  0.569
Hanjin 130 695 7.18 1.45 6,373,608 0.051 0.064 0.555
Leitwind 130 6.95 4.59 1.06  3,802472 0.051 0.067 0.564
Nordex 140 7.02 645 284 11,578,293 0.057 0.068  0.544
Sinovel 140 702 700 323 9496276 0.057 0.073 0.561
Vestas110 140 7.02 7.01 3.51 8,133,928 0.057 0.073  0.560
Vestas112 130 6.95 1025 1.07 9,152,209 0.052 0.066  0.562
Windtec 140 7.02 851 777 11,690,264 0.057 0.076  0.569
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Table 4. Best tradeoff for each turbine for Wejh. The best turbine among all is marked with an asterisk.

Turbine HH WS ZP  RP AEP dit  d;” R;

Acciona 140 576 1741 013 2467511 0.057 0.109 0.656
Alstom 140 576 010 0.04 5265803 0.057 0.123 0.681
DeWind 140 576 2977 036 3,523,561 0.057 0.102  0.640
Dongfang 130 5.70 1245 543 6,164,460 0.051 0.067 0.566
Doosan 140 576 1220 0.60 4,468,187 0.057 0.099 0.632
EnerconE2 140 576 222 074 3,858,955 0.057 0.098 0.630
EnerconE4 140 576 7.88 0.02 3,848,353 0.057 0.145 0.717*
Gamesa 140 576 751 013 4805785 0.057 0.106 0.649
Hanjin 140 576 1223 0.61 4,427,608 0.057 0.098 0.632
Leitwind 140 576 786 035 2,602,009 0.057 0.101 0.637
Nordex 140 576 1158 1.74 8,185,010 0.057 0.088 0.606
Sinovel 140 576 1219 154 6492396 0.057 0.089  0.609
Vestas110 140 5.76 122 1.69 5,703,519 0.057 0.088 0.606
Vestas112 140 576 1722 036 6,315,349 0.057 0.098  0.630
Windtec 130 570 1495 352 7959208 0.052 0.072 0.581

6.3. Comparison between Turaif and Wejh

A mutual comparison was also performed to observe the commonalities and differences between
the results for the two sites. As mentioned earlier, both sites have topographic and geographic
differences, with the main ones being differences in terms of the height above sea level, and longitude
and latitude. Figures 3-6 shows the plots for the 15 turbines for various attributes. Some interesting
facts are observed from these figures. In Figure 3, the annual energy production for each turbine for the
two sites is shown. It can be seen from this figure that the energy production of the turbines relative
to each other is the same for both sites; the only difference is that the energy production for Turaif is
shifted upwards. For example, Windtec FC 3000-130 shows the maximum production for Turaif among
all turbines, while Acciona AW 70/1500 Class I shows the worst production. Other turbines show
production in different ranges. The same observation can ve made for Wejh; Windtec FC 3000-130 is
the best performer and Acciona AW 70/1500 Class I is the worst, with other turbines showing the same
pattern as that of Turaif, but with lower production levels. Similar trends were observed with regard to
percentage of zero power output and percentage of rated power output in Figures 4 and 5 respectively,
where the relative trends between turbines have the same patterns for the two sites, but shifted by a
certain scale. The results make sense since Turaif is at much higher altitude than Wejh, which results in
more energy absorption by turbines by the former. However, the relative performances of different
turbines are the same for both sites, which indicates that a turbine would exhibit the same level of
relative performance when compared with the same turbine but at a different location. This further
indicates that if the relative performances of turbines can be studied and analyzed for any given site,
the same relative performances and behaviors may be predicted for any other site. These observations
are further strengthened by the plots given in Figure 6 which show the relative closeness to an ideal
solution for each turbine. Again, the trends pertaining to different turbines are generally similar for
the two sites, except the up-shift trends for Turaif.
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Figure 3. Comparison of annual energy production (AEP) for different turbines for Turaif and Wejh.
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7. Comparison with Other Multi-Criteria Decision-Making Techniques

This section provides a comparative analysis of the proposed TOPSIS approach with other
techniques. The section first provides a primer on some MCDM techniques previously applied to the
turbine selection problem. This is followed by empirical analysis and comparisons of TOPSIS and
other techniques in the context of the two sites.

7.1. Brief Discussion of Other MCDM Techniques

Some previous studies employed other MCDM techniques for the turbine selection problem.
These techniques include the weighted sum method (WSM) [22], fuzzy logic (FL) [18-20], and goal
programming (GP) [21,23]. This study adapted the approaches presented in the above studies according
to the model presented in Section 5 consisting of five selection criteria. A brief discussion of the
aforementioned three methods in the context of the turbine selection problem is presented below for
the sake of comprehensiveness. Detailed discussion can be found in the references mentioned above.

The weighted sum method has been widely applied to MCDM problems, since it is simple
and time efficient [41]. The basic approach of WSM is the aggregation of criteria to form an overall
decision function. A precondition of the aggregation is that the decision criteria are normalized so as
to overcome the incommensurability issue. Once the criteria are normalized, weights are assigned
to each decision criterion as per the aspirations of the decision-maker. Following this, the weighted
normalized criteria are aggregated using an aggregation function, which generates the output in the
form of a scalar value. A necessary requirement is that the sum of all weights should not exceed 1.

The weighted sum approach using the five turbine selection criteria requires that upper limit
for each criterion is defined. These upper limits are required for the purpose of normalization of
criteria. Note that in the context of turbine selection problem, the weighted sum approach deals with
the problem as a maximization problem. That is, the interest is in finding the turbines where hub
height and zero percentage are minimized, while wind speed, rated percentage, and annual energy
production are maximized. Accordingly, the following equation is used for the decision.

HH WS ZP RP AEP
W(t) = w1 - (mux HH)} +w2(max WS) +ws[l - (max ZP)] + w4(max RP) JrwS(mux AEP) ®)

In the above equation, W(t) defines the weighted sum of turbine . Each fraction in Equation (1)
represents the normalized value of a selection criterion. The higher the value of W(t), the better the
turbine. Furthermore, in order to be consistent with the weights in the TOPSIS approach, wy = wy =
w3 = wy = ws = 0.2 in Equation (8).

The application of fuzzy logic to wind turbine selection problem requires that the five selection
criteria are aggregated to form an overall decision function. This decision function is first formulated
as a rule, which is then transformed into a mathematical function. For the turbine selection problem,
the following fuzzy rule can be formulated.

Rule 1: IF a turbine has low hub height, high wind speed, low zero output percentage, high
rated output percentage, and high annual energy production, then itisa good turbine.

In the above rule, the terms “low hub height”, “high wind speed”, “low zero output percentage”,
“high rated output percentage”, “high annual energy production”, and “good turbines” are linguistic
variables, each of which defines a fuzzy subset of solutions. For example, high wind speed is the
fuzzy subset of solutions of high wind speeds. For each fuzzy subset, a membership function y is
defined. The membership function returns a value in the interval [0, 1]. This value signifies the degree
of satisfaction with the decision criterion under consideration [20]. Rule 1 can be mathematically
represented using the fuzzy arithmetic mean operator [42] as follows:

1
He = E(VHH + fws + pizp + URp + HAEDP) )
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where yi; is the membership function for good turbine. Similarly, prp, uws, Hzp, Urp, and pAgp are the
membership functions for hub height, wind speed, zero output percentage, rated output percentage,
and annual energy production, respectively. The solution for the y; nearest to 1 is declared as the best
solution. For details on the approach about formation of the above membership functions, interested
readers are referred to Khan and Rehman [18-20].

Similar to weighted sum and fuzzy logic, goal programming is another MCDM technique that
has been used for the turbine selection problem. In goal programming, target/ideal values are
set by the decision-maker, and the objective is to reach the target value in the decision-making
process. The absolute difference (deviation) between the target value and actual achieved value is
measured. This is done for all decision criteria. Finally, all deviations are added. This is done for
alternatives (solutions), and the alternative that results in the minimum deviation is declared as the best
solution. As far as turbine selection problem is concerned, the method has been applied in previous
studies [21,23]. Accordingly, the goal programming formulation for the problem model in this study
can be done as follows:

Dev(t) =| Ing — Aunull + | Iws — Aws|| + [|[Izp — Azp|| + |Irp — Arp|| + || Iagp — Aagpl]  (10)

In the above equation, Dev(t) refers to the collective deviation of all criteria. I, represents the ideal
value of criterion x. A, refers to the actual achieved value of criterion x of the solution which results in
the minimum value for Equation (10), recorded as the best solution found.

7.2. Comparative Results

The comparison of the TOPSIS approach with the aforementioned techniques was done in the
context of the consolidated results presented in Tables 3 and 4 for Turaif and Wejh. The objective of the
analysis was to investigate whether the trends obtained using the TOPSIS approach match with the
trends observed using the combined effect of all MCDM approaches. For this purpose, an approach
similar to the ranking approach proposed by Lee et al. [43] was adopted in this study and works
as follows. Each turbine in Tables 3 and 4 was evaluated with regard to the three methods. Then,
based on the outcome of each method, scores were assigned to each turbine. Note that there were
15 turbines. Therefore, the best turbine was given maximum 15 points which was the highest score.
Then, the second best turbine was given 14 points and so on. The worst turbine scored 1 point. In order
to understand the approach, consider the results in Table 5. For TOPSIS, the value of R; for each turbine
is given. Next to this value, the score is given with respect to the standing of the turbine. The same
approach was used for the other methods, as shown in the table. The second to last column of the table
shows the total score obtained by adding the individual scores from each method. The higher the total
score, the higher the ranking. The same approach was followed for the turbines for Wejh, as shown in
Table 6.

In order to be consistent, the limits and the weights used for different methods were the same.
More specifically, the TOPSIS approach described in Section 5 used the positive ideal values and
negative ideal values extracted from the input data for all turbines. The same input data were used to
define the upper limits in weighted sum method, the upper and lower limits in fuzzy logic, and the ideal
values in goal programming. Furthermore, since five decision criteria were considered, equal weights
(i-e., 0.2) were assumed for each criterion in TOPSIS and WSM. For FL and GP, the structure of
the decision function automatically assumes equal preference for each objective, as is obvious from
Equations (9) and (10).

It is obvious from Tables 5 and 6 that different MCDM methods produced different results.
This trend is somewhat common in comparative studies in the domain of MCDM [43,44]. However,
as stated in Section 1, the objective of this comparison was to investigate the trends of the two sites
when TOPSIS was used versus the trends when the combined effect of all MCDM methods was
analyzed. The reason for studying the combined effect was inspired by the study of Lee et al. [43], who
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chose the best alternative by aggregating the rankings obtained using different methods. In order to
address the aforementioned objective, the combined scores in Tables 5 and 6 were scaled to a level
of 1-15. This was done to be consistent with the 1-15 score level for the TOPSIS approach. The last
columns of Tables 5 and 6 show the scaled scores for Turaif and Wejh respectively. In order to further
elaborate the comparative trends, Figures 7 and 8 show the scores for each turbine for the two sites
using the TOPSIS and combined MCDM approaches, respectively. As observed in Figure 7, six turbine
types show higher ranks for Turaif when compared with their ranks with Wejh, while five turbine
types show lower ranks for Turaif. For four turbine types, both Turaif and Wejh show equal rankings.
Note that the notion of ranking is different from scores here. Ranking is simply reflecting the relative
superiority of the same turbine type when used for the two sites, irrespective of the scores the turbine
obtained for the two sites. In the same fashion, the relative ranking for all turbine types is plotted in
Figure 8, where it can be observed that six turbine types had better ranks for Turaif, and for the same
number had lower ranks for Turaif; three turbine types had equal ranks. For clear understanding,
these rankings are summarized in Table 7. It is obvious from the table that out of 15 turbine types,
the trends for 11 turbine types were the same when Turaif and Wejh were compared using the TOPSIS
method and all four methods combined. This shows the robustness of the TOPSIS method.

Table 5. The scores in terms of different methods for Turaif.

TOPSIS WSM FL GP

Turbine Total Score  Total Score (Scaled)
R; Score W(t) Score u; Score Dev(t) Score
Acciona 0.429 1 0.40 2 0.26 1 8,994,208.4 1 5 1
Alstom 0.591 14 0.52 8 0.51 10 3,904,605.7 9 41 11
DeWind 0.564 11 0.32 1 0.28 2 6,187,714.8 3 17 2
Dongfang 0.56 7 0.63 13 0.68 15 2,697,263.2 11 46 14
Doosan 0.559 5 0.42 4 0.45 6 4,910,796.4 7 22 5
EnerconE2  0.554 3 0.52 9 0.50 9 5,950,923.9 4 25 6
EnerconE4  0.606 15 0.42 3 0.43 4 5,920,422.3 5 27 7
Gamesa 0.569 13 0.49 7 0.47 8 4,688,631.6 8 36 9
Hanjin 0.555 4 0.48 6 0.44 5 5,316,740.7 6 21 4
Leitwind 0.564 10 0.47 5 0.41 3 7,887,874.5 2 20 3
Nordex 0.544 2 0.63 14 0.58 13 112,063.6 14 43 12
Sinovel 0.561 8 0.60 12 0.54 12 2,194,080.7 13 45 13
Vestas112  0.562 9 0.53 10 0.46 7 3,556,428.4 10 36 8
Vestas110 0.56 6 0.58 11 0.51 11 2,538,143.2 12 40 10
Windtec 0.569 12 0.74 15 0.65 14 89.7 15 56 15
Table 6. The scores in terms of different methods for Turaif.
TOPSIS WSM FL GP
Turbine Total Score  Total Score (Scaled)
R; Score W(t) Score u; Score Dev(t) Score
Acciona 0.656 13 0.35 2 0.29 2 5,717,531.6 1 18 2
Alstom 0.681 14 0.53 12 0.50 11 2,919,222 4 9 46 15
DeWind 0.64 11 0.30 1 0.25 1 4,661,493.7 3 16 1
Dongfang  0.566 1 0.62 15 0.65 15 2,020,562.4 11 42 12
Doosan 0.632 9 0.40 6 0.41 6 3,716,849.9 7 28 6
EnerconE2  0.63 7 0.51 11 0.46 9 4,326,071.8 5 32 8
EnerconE4 0.717 15 0.40 7 0.40 4 4,336,680.2 4 30 7
Gamesa 0.649 12 0.44 8 0.44 8 3,379,247.7 8 36 10
Hanjin 0.632 8 0.40 5 0.41 5 3757429.0 6 24 4
Leitwind 0.637 10 0.39 4 0.36 3 5,583,023.8 2 19 3
Nordex 0.606 4 0.56 13 0.59 13 25.2 15 45 14
Sinovel 0.609 5 0.51 10 0.52 12 1,692,640.0 13 40 11
Vestas112 0.63 6 0.38 3 0.43 7 2,481,516.8 10 26 5
Vestas110  0.606 3 0.50 9 0.49 10 1,869,693.2 12 34 9
Windtec 0.581 2 0.60 14 0.62 14 225,818.8 14 44 13
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Figure 7. Comparison of scores for different turbines for Turaif and Wejh using TOPSIS.
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Table 7. Comparative rankings using TOPSIS and combined methods combined.

TOPSIS Combined
Turbine Observation
Rank Turaif Rank Wejh  Rank Turaif Rank Wejh

Acciona AW70/1500 ClassI Second First Second First No difference

Alstom ECO 100/2000 ClassI Equal Equal Second First Different

DeWind D92 Equal Equal First Second Different
Dongfang DF110-2500 First Second First Second No difference
Doosan WinDS 3000 Second First Second First No difference
Enercon E-82E2 /2000 Second First Second First No difference
Enercon E-82E4/3000 Equal Equal Equal Equal No difference

Gamesa G97-2.0MW First Second Second First Different

Hanjin HJWT2000-93 Second First Equal Equal Different
Leitwind LTW70-2000 Equal Equal Equal Equal No difference
Nordex N131/3000 Second First Second First No difference
Sinovel SL.3000/115 First Second First Second No difference
Vestas 112-3.0MW First Second First Second No difference
Vestas V110-2.0MW First Second First Second No difference
Windtec FC3000-130 First Second First Second No difference

8. Conclusions

Wind energy is gradually becoming a major part of today’s energy generation systems
worldwide, since it promises to provide sustainable and environmental-friendly energy for the future.
Maximum energy harnessing from a wind farm is not possible unless the farm has been designed
efficiently. One essential part of efficient wind farm development is the selection of best turbine
type that matches the requirements of that wind farm site. This selection process is governed by
consideration of multiple, realistic decision criteria that may be diverse in their nature. Such a selection
process demands that a simple and computationally efficient multi-criteria selection technique is
employed that would effectively incorporate the requirements of these different selection criteria in the
decision process. The TOPSIS method adapted in this paper effectively addresses the requirements of
a multi-criteria turbine selection problem, whereby five different yet important selection criteria were
considered. These criteria are hub height, wind speed, percentage of zero output, percentage of rated
output, and annual energy production. The TOPSIS approach was applied to turbine selection for two
potential sites located in the northern and north-western parts of Saudi Arabia and used realistic data
collected over a period of 39 years. The results indicated that the TOPSIS approach produced results
that identified the best turbines for the each site, thereby enabling the decision makers to choose from
a variety of commercially available turbines. A comparative analysis of the two sites indicated that the
relative behaviors of the turbines were very similar for the two sites. A further comparison with other
MCDM techniques such as the weighted sum method, fuzzy logic, and goal programming indicated
that TOPSIS was a robust approach as far as the turbine selection problem with respect to the two sites
is concerned.

Our future work will be directed towards further assessment of the TOPSIS approach with more
diverse test scenarios. This should potentially include different terrain types, bigger data sets with
more turbines, and a variety of potential sites.
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Abbreviations

The following abbreviations are used in this manuscript:

1jj normalized value of criteria

vjj weighted normalized value of criteria

w; weight of criterion j

St ideal positive solution

S~ ideal negative solution

df separation from positive ideal solution

d; separation from negative ideal solution

R; relative closeness of solution S; w.r.t. ST

W(t) Weighted sum of turbine ¢

Ut Membership function for turbine ¢

UHH Membership function for hub height

Hws Membership function for wind speed

Uzp Membership function for percentage of zero output
URP Membership function for percentage of rated output
UAEP Membership function for annual energy production
Dev(t) Collective deviation for all criteria for turbine ¢

Iy Ideal value of criterion x

Ax Actual achieved value of criterion x

MCDM Multi-criteria decision-making

TOPSIS Technique for Order of Preference by Similarity to Ideal Solution
GA Genetic Algorithms

PSO Particle Swarm Optimization

AHP Analytical Hierarchy Process

WASPAS Weighted aggregated sum product assessment
HH Hub height (in meters)

WS Wind speed (in m/s)

ZP Percentage of zero output

RP Percentage of rated output

AEP Annual energy production (in kWh/yr)

maxHH Maximum Hub height (in meters)

maxWs§ Maximum Wind speed (in m/s)

maxZP Maximum Percentage of zero output

maxRP Maximum Percentage of rated output

maxAEP Maximum Annual energy production (in kWh/yr)
FL Fuzzy logic

WSM Weighted sum method

GP Goal programming

Acciona Acciona AW70/1500 Class I

Alstom Alstom ECO 100/2000 Class I

DeWind DeWind D92

Dongfang Dongfang DF110-2500

Doosan Doosan WinDS 3000

EnerconE2 Enercon E-82E2 /2000
EnerconE4 Enercon E-82E4 /3000

Gamesa Gamesa G97-2.0MW
Hanjin Hanjin HfWT2000-93
Leiwtwind  Leitwind LTW70-2000
Nordex Nordex N131/3000
Sinovel Sinovel SL3000/115

Vestas112 Vestas V112-3.0MW
Vestas110 Vestas V110-2.0MW
Windtec Windtec FC3000-130
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Table Al. TOPSIS analysis for turbine Acciona AW 70/1500 Class I. The best choice for each site is

marked with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 1356 0.16 2,511,427 0427 499 2290 0.01 1,631,379 0.344
60 624 1287 021 2,696,078 0429* 511 21.80 0.02 1,761,383 0.343
70 637 1233 026 2,859,608 0428 523 2094 003 1,877,239 0.350
80 649 1183 031 3,006,741 0423 533 2023 0.04 1982126 0.369
90 6.6 1151 036 3,140,724 0.409 541 19.60 0.05 2,078,069  0.400
100 67 1117 041 3263976 0386 549 19.06 0.06 2,166,765 0.440
110 679 1087 046 3378100 0352 557 1856 0.08 2,249,234  0.539
120 6.87 1061 0.51 3484564 0314 564 1815 0.09 2326365 0572
130 695 1038 0.56 3,584,210 0282 570 1777 011 2398928  0.631
140 7.02 1017 062 3,678,128 0265 576 1741 013 2467511 0.656*

Table A2. TOPSIS analysis for turbine Alstom ECO 100/2000 Class I. The best choice for each site is

marked with an asterisk.

HH Turaif Wejh

(m) WS P RP AEP R; WS VA'Y RP AEP R;
50 6.08 266 0.06 5,311,341 0409 499 0.12 0.00 3485619 0.319
60 624 253 0.08 5,704,562 0.411 511 0.12 0.00 3,762,654 0.295
70 6.37 242 0.10 6,052,657 0.418 523 0.12 0.01 4,009,747 0.368
80 649 234 013 6,365,770 0456 533 0.11 0.01 4,233,309 0.350
90 6.60 226 0.15 6,650,370 0.483 541 0.11 0.01 4,437,715 0.330
100 6.70 219 0.17 6,911,742 0.512 549 0.11 0.02 4,626,457 0.496
110 6.79 214 0.19 7,153,358 0.537 557 011 0.02 4,801,919 0.480
120 6.87 2.08 0.21 7,378,063 0.555 564 0.10 0.03 4,966,023 0.635
130 695 204 024 7,588,310 0.580 570 0.10 0.03 5,120,199 0.613
140 7.02 200 027 7785749 0591* 576 0.10 0.04 5,265803 0.681*

Table A3. TOPSIS analysis for turbine DeWind D92. The best choice for each site is marked

with an asterisk.

HH Turaif Wejh
(m) WS VAY RP AEP R; WS VA RP AEP R;
50 6.08 2390 033 3554286 0436 499 3821 0.04 2163993 0.360
60 624 2270 042 3868633 0442 511 36.60 0.07 27375710 0.362
70 637 2176 051 4145965 0454 523 3530 0.09 2564732 0361
80 649 2097 060 4394194 0474 533 3419 012 2735843  0.382
90 6.60 2031 0.69 4618874 0499 541 3319 015 2,892,282 0416
100 670 1972 0.78 4,824,184 0524 549 3235 0.19 3,036,566 0.479
110 6.79 1921 0.87 5012960 0545 557 31.59 023 3,170,538  0.542
120 687 1877 097 5,187,854 0561 564 3093 027 3295595 0.591
130 695 1837 1.06 5350521 0.564* 570 3031 0.32 3412988  0.632
140 7.02 1799 115 5502655 0564* 576 29.77 036 3,523,561 0.640*
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Table A4. TOPSIS analysis for turbine Dongfang DF110-2500. The best choice for each site is marked
with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 939 334 6519861 0442 499 16.13 1.59 4,346,507  0.438
60 624 893 423 6965871 0446 511 1534 2.09 4,664,726 0.446
70 637 855 523 7355533 0459 523 1473 259 4945179  0.460
80 649 822 624 7700508 0481 533 1421 3.10 519599 @ 0.485
90 6.60 796 724 8009363 0508 541 13.76 3.58 5,423,059 0.511
100 670 771 821 8288809 0534 549 1337 4.05 5,630,576 0.537
110 679 751 914 8543449 0551 557 13.03 452 5821956 0.555
120 6.87 732 10.06 8,777,304 0559 564 1271 498 5,999,156 0.564
130 695 716 1094 8,993,076 0560* 570 1245 543 6,164,460 0.566*
140 7.02 7.00 11.82 9,193,307 0558 576 1219 584 6,319,248 0.562

Table A5. TOPSIS analysis for turbine Doosan WinDS3000
with an asterisk.

. The best choice for each site is marked

HH Turaif Wejh
(m) WS ZP RP AEP R; WS VAY RP AEP R;
50 6.08 940 047 4,369,087 0441 499 1613 0.08 2865384 0.368
60 624 893 059 4729954 0447 511 1534 012 3,103,645 0.365
70 637 856 071 5,057,001 0458 523 1474 016 3319926 0.367
80 649 823 084 535688 0480 533 1421 021 3518405 0.387
90 6.60 796 096 5634306 0504 541 1376 027 3,702,388 0431
100 670 772 1.08 5892609 0528 549 1338 033 3,874,142 0.486
110 679 751 119 6134469 0542 557 13.04 038 4,035330 0.528
120 6.87 732 132 6,361,797 0556 564 1271 045 4,187,367  0.582
130 695 716 144 6576412 0559* 570 1246 053 4,331,374 0.621
140 702 700 156 6,779,562 0559* 576 1220 0.60 4,468,187 0.632*

Table A6. TOPSIS analysis for turbine Enercon E-82 E2/2000.

with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 1.67 055 3908583 0446 499 299 0.10 2,563,184 0.370
60 624 159 069 4201630 0452 511 283 0.15 2765474 0.368
70 637 153 0.83 4460943 0463 523 271 020 2945786 0.370
80 649 147 096 4693399 0477 533 261 027 3,108,770 0.397
90 6.60 143 110 4904445 0499 541 253 033 3,257,746  0.429
100 670 139 122 5,097,631 0514 549 245 040 3,395056 0.479
110 6.79 135 137 5275713 0537 557 237 048 3,522,579 0.538
120 6.87 131 150 5440956 0545 564 231 057 3,641,713 0.592
130 695 128 1.64 5595181 0550 570 226 0.65 3,753,511 0.617
140 7.02 126 180 5739430 0554* 576 222 074 3,858,955 0.630*

The best choice for each site is marked
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Table A7. TOPSIS analysis for turbine Enercon E-82 E4/3000. The best choice for each site is marked
with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS Zp RP AEP R;
50 6.08 6.03 003 3874862 0394 499 1052 000 2530963 0.283
60 624 573 0.05 4169620 0407 511 10.02 0.00 2,732,520 0.262
70 637 550 0.06 4432370 0408 523 959 0.00 2913226 0.241
80 649 531 0.08 4,670,072 0447 533 923 0.00 3,077,518 0.221
90 6.60 513 010 488768 0501 541 895 0.00 3,228599  0.202
100 6.70 498 0.11 5088723 0518 549 868 0.01 3,368719 0.499
110 679 4.84 013 5275628 0569 557 845 0.01 3,499,526 0.489
120 687 472 015 5450443 0.602 564 823 001 3,622,458 0479
130 695 461 016 5614841 0597 570 805 0.01 3,738,398  0.469
140 7.02 451 018 5769935 0606* 576 788 002 3848353 0.717*

Table A8. TOPSIS analysis for turbine Gamesa G97-2.0 MW. The best choice for each site is marked
with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS VAY RP AEP R;
50 6.08 558 014 4971,160 0431 499 10.03 0.01 3,287,488 0.351
60 624 530 017 5,311,123 0428 511 954 0.02 3,532,671 0.349
70 637 507 021 5606868 0435 523 912 003 3,748451 0.356
80 649 483 026 5868372 0462 533 880 004 3941565 0.374
90 6.60 472 030 6,102,752 0485 541 850 0.05 4,116,268  0.403
100 6.70 4.57 034 6314648 0511 549 825 0.07 4275954  0.499
110 6.79 445 038 6,508,118 0533 557 804 008 4,423,102 0.537
120 6.87 434 043 6685633 0558 564 784 010 4559555 0.613
130 695 425 047 684949 0563 570 765 011 4,686,655 0.625
140 702 417 052 7,001,725 0569* 576 751 013 4805785 0.649*

Table A9. TOPSIS analysis for turbine Hanjin HfWT2000-93.

with an asterisk.

The best choice for each site is marked

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 942 047 4552426 0448 499 1617 008 2982459 0.368
60 624 895 059 4876812 0453 511 1539 012 3,213212 0.364
70 637 858 072 5,161,005 0467 523 1478 016 3,417,237 0.365
80 649 825 084 5413711 0484 533 1425 021 3,600277 0.384
90 660 798 096 5,641,045 0505 541 138 027 3,766,569  0.426
100 6.70 774 1.09 5847676 0530 549 1341 033 3,919,029 0.480
110 679 753 120 6,037,218 0542 557 13.07 039 4,059,755 0.532
120 6.87 734 133 6,211,605 0553 564 1275 0.46 4,190,603 0.584
130 695 7.18 145 6,373,608 0555* 570 1249 053 4,312,877 0.615
140 7.02 703 156 6,524,469 0552 576 1223 0.61 4,427,608 0.632*




Appl. Sci. 2020, 10, 7595

23 of 26

Table A10. TOPSIS analysis for turbine Leitwind LTW70-2000. The best choice for each site is marked
with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS Zp RP AEP R;
50 6.08 6.01 033 2590458 0439 499 1049 004 1,695636 0.363
60 624 572 042 2791523 0445 511 999 007 1,831,760 0.365
70 637 549 051 2972116 0456 523 957 0.09 1954550 0.365
80 649 529 059 3,136,781 0469 533 920 012 2066902 0.387
90 6.60 511 069 3288471 0500 541 891 015 2,170,740 0.423
100 6.70 496 0.78 3,429,386 0525 549 865 018 2,267,467  0.467
110 679 4.82 087 3,561,223 0545 557 842 022 2358216 0.532
120 687 471 096 3,685270 0557 5.64 820 027 2,443,829 0.601
130 695 459 1.06 3802472 0564* 570 802 031 2524915 0.628
140 7.02 450 114 3913676 0561 576 786 035 2,602,009 0.637*

Table A11. TOPSIS analysis for turbine Nordex N131/3000. The best choice for each site is marked
with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS VA'S RP AEP R;
50 6.08 8.62 092 8504922 0456 499 1532 031 5,760,853 0.394
60 624 819 112 9,031,649 0460 511 1461 043 6,160,035 0.391
70 637 784 133 9485898 0468 523 14 057 6,509,001 0.400
80 649 754 152 9,884,089 0477 533 1351 073 6818982 0.425
90 6.60 730 173 10238104 0493 541 13.09 0.88 7,097,942  0.459
100 670 7.08 193 10556804 0508 549 127 1.04 7,351,799 0.503
110 679 690 214 10845975 0522 557 1237 12 7,584,389 0.544
120 687 673 237 11,109,818 0535 564 1208 1.38 7,799,305 0.580
130 695 657 259 11,352,89% 0540 570 11.82 1.55 7,998,834  0.598
140 7.02 645 284 11578293 0544* 576 1158 174 8,185,010 0.606*

Table A12. TOPSIS analysis for turbine Sinovel SL3000/115. The best choice for each site is marked
with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 939 096 6,632,186 0439 499 1612 027 4,418,179 0.391
60 624 892 118 7,095683 0441 511 1533 038 4,746,076 0.390
70 637 855 140 7,503,843 0446 523 1473 050 5,037,027 0.398
80 649 822 1.62 7868771 0457 533 1420 0.64 5298941 0.423
90 6.60 795 1.87 8,199,107 0478 541 1375 077 5,537,503  0.456
100 670 771 211 8500607 0501 549 1336 091 5,756,929  0.500
110 679 751 237 8777953 0524 557 13.02 106 5,959,892 0.546
120 6.87 732 264 9034599 0543 564 1270 122 6,149,030 0.582
130 695 715 293 9273298 0555 570 1245 138 6,325976  0.602
140 7.02 700 323 9496276 0561* 576 1219 154 6,492,396 0.609*
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Table A13. TOPSIS analysis for turbine Vestas V110. The best choice for each site is marked

with an asterisk.

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 940 1.03 6,004,721 0440 499 1613 03 4,029,225 0.39%4
60 624 893 126 6,376,031 0440 511 1534 042 4,306,757 0.393
70 637 856 149 6,694271 0443 523 1474 057 4,548,616 0.405
80 649 823 175 6,971,803 0456 533 1422 071 4,763,187 0.426
90 6.60 796 200 7217285 0472 541 1377 085 4955901  0.458
100 6.70 7.72 227 7436972 0496 549 1338 1.01 5,130,901 0.503
110 679 752 255 7635472 0519 557 13.04 117 5291203 0.546
120 687 732 285 7816086 0539 564 1271 135 5438905 0.583
130 695 716 3.18 7981536 0554 570 1246 151 5575759 @ 0.598
140 7.02 701 351 8133928 0560* 576 122 169 5,703,519 0.606*

Table A14. TOPSIS analysis for turbine
with an asterisk.

Vestas V112. The best choice for each site is marked

HH Turaif Wejh
(m) WS VAY RP AEP R; WS VA'S RP AEP R;
50 6.08 1340 033 6424320 0439 499 2264 0.05 4200601 0370
60 624 1272 043 6901962 0448 511 2156 0.07 4,533,556 0.363
70 637 1219 051 7,323,283 0455 523 2073 0.09 4829414 0.359
80 649 1176 0.60 7,700,227 0472 533 2001 012 5,096,189 0375
90 6.60 1138 0.70 8,041,682 0501 541 1939 016 5339421 0.425
100 670 11.04 079 8353468 0525 549 1884 0.19 5,563,363  0.467
110 679 1074 0.88 8,640,153 0544 557 1836 023 5,770,720 0.529
120 6.87 1049 0.97 8905399 0555 564 1795 027 5964065 0.579
130 695 1025 1.07 9,152,209 0.562* 570 17.57 032 6,145,047 0.621
140 7.02 1005 116 9382609 0561 576 1722 036 6315349 0.630*

Table A15. TOPSIS analysis for turbine Windtec FC 3000-130.

with an asterisk.

The best choice for each site is marked

HH Turaif Wejh
(m) WS ZP RP AEP R; WS ZP RP AEP R;
50 6.08 1136 205 8508531 0431 499 1935 0.88 5,709,133  0.419
60 624 1077 256 9,054,678 0430 511 1841 118 6,108,825  0.422
70 637 1032 3.14 9525854 0437 523 17.68 149 6,458,727  0.432
80 649 994 375 9939049 0453 533 17.05 1.82 6,770,263  0.454
90 6.60 9.62 436 10,306,589 0476 541 1651 216 7,051,016  0.487
100 670 934 5.06 10,636,346 0510 549 1604 250 7,306,586  0.523
110 679 910 575 10935505 0540 557 1561 284 7,541,109 0.554
120 687 888 643 11,208,357 0559 564 1526 319 7,757,882  0.574
130 695 869 711 11,458985 0568 570 1495 3.52 7,959,208 0.581*
140 7.02 851 777 11,690,264 0569* 576 14.66 3.84 §,7147,224 0.581*
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