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Wind energy parks play a key role in sustainable energy production and carbon emission reduction. This study
proposes a novel decision-making framework to identify effective investment strategies for green wind energy
park projects. A dynamic expert dataset is constructed using the Q learning algorithm, while molecular fuzzy
Bayesian network and molecular fuzzy multi objective particle swarm optimization are used to weight evaluation
criteria and rank strategy alternatives. The analysis focuses on a 50 MW onshore wind farm with an average wind

speed of 7.7 m/s and an annual energy production of approximately 153 GWh. The project provides an annual
carbon reduction of nearly 95,000 tons and demonstrates strong operational efficiency. The findings show that
social compliance and ecological compliance are the most critical evaluation criteria, while balanced energy
supply with energy storage integration emerges as the most effective investment strategy.

1. Introduction

Green wind energy parks refer to facilities where environmental
impacts are minimized while wind energy is being produced. Therefore,
these projects are designed with a focus on sustainability. Wind energy is
recognized as environmentally friendly because it does not cause carbon
emissions. In these parks, it is aimed to produce wind energy in a sus-
tainable and environmentally friendly way [57]. Energy production
facilities where such large-scale turbines are located together are also
defined as green wind energy parks. It is possible to talk about many
advantages of these projects. Because there are no carbon emissions
during the energy production process, climate change can be combated
much more successfully [13]. Energy production capacity can be high by
systematically placing more than one wind turbine. Owing to this action,
it can be much easier to achieve energy independence in the country
[25]. Driven by increasing concerns about climate change and global
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warming, the global renewable energy market has experienced signifi-
cant growth in recent years. The global installed capacity of renewable
energy increased by approximately 50% in 2024, reflecting the accel-
erating transition toward sustainable energy systems. By the end of
2024, the total global installed capacity of renewable energy technolo-
gies including solar, wind, hydropower, geothermal, marine energy, and
biogas reached approximately 4,448.1 GW. Among these sources, wind
energy accounted for nearly 1,021 GW of the total installed capacity.
This remarkable expansion of renewable energy capacity demonstrates
the growing global commitment to reducing carbon emissions and
promoting environmentally sustainable energy production Nassar et al.
[43]. The rapid development of the renewable energy sector has
therefore increased the importance of efficient investment strategies and
decision-making frameworks for wind energy park projects.

The increasing concentration of carbon dioxide emissions in the at-
mosphere has become one of the most critical drivers of the global
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energy transition. Fossil fuel-based electricity generation is a major
contributor to greenhouse gas emissions and climate change. Therefore,
reducing CO, emissions has become a central objective of energy pol-
icies worldwide. Renewable energy technologies, particularly wind en-
ergy, play a crucial role in achieving this objective by generating
electricity without direct carbon emissions during operation. The
expansion of wind energy capacity significantly contributes to lowering
the carbon intensity of electricity production and supports international
climate targets. Consequently, the development of efficient wind energy
park investments has become an important strategy for promoting
cleaner energy systems and reducing the environmental impact of
electricity generation. The global energy system has been undergoing a
significant transformation due to increasing energy demand, climate
change concerns, and the need to reduce greenhouse gas emissions.
Renewable energy sources have become a critical component of sus-
tainable energy policies across many countries. Among these sources,
wind energy has emerged as one of the fastest growing technologies
because of its high scalability, environmental benefits, and relatively
low operational costs [51], Saleem and Abas [52],c). Many governments
and private investors are therefore increasing their investments in wind
energy infrastructure to achieve long term energy security and sus-
tainability targets [26]. However, wind energy park investments involve
complex decision-making processes that require the evaluation of mul-
tiple economic, environmental, operational, and social factors simulta-
neously. This complexity creates significant challenges for investors and
policymakers when determining the most appropriate strategies for
improving the performance and sustainability of wind energy projects
[14].

There are some variables that are important for the performance of
green wind energy park investments. Financial feasibility is vital to
improving the performance of these parks. Thanks to this analysis, the
economic viability of an investment is evaluated El-Khozondar et al.
[22]. In this process, the total costs and potential revenues of the project
are analyzed. Ensuring the operational performance of businesses is also
an important issue in this process [30]. Efficient operational processes
both increase energy production and support the economic sustain-
ability of the investment by reducing costs. Ecological harmony is a
factor that minimizes the environmental impact of energy parks [36].
This situation also affects the increase in the long-term performance of
projects. Social harmony is also a significant factor in this process.
Ensuring this harmony increases social acceptance. This condition also
contributes to the long-term sustainability of projects Nassar et al. [41].

Wind energy plays an important role in reducing greenhouse gas
emissions and supporting the transition toward sustainable energy sys-
tems. Compared with fossil fuel-based electricity generation, wind
power produces significantly lower carbon emissions and contributes to
the mitigation of global warming. In addition, wind energy projects
create economic opportunities such as local employment and regional
development. However, the expansion of wind farms may also generate
certain environmental and social impacts. These impacts may include
land use changes, visual impacts on landscapes, noise generation, and
potential effects on wildlife habitats, particularly birds and bats [7].
Furthermore, local communities may express concerns regarding land-
scape alteration and residential quality of life around wind farms.
Therefore, evaluating wind energy investments requires a balanced
consideration of both environmental benefits and potential social im-
pacts to ensure sustainable and socially acceptable renewable energy
development.

The identification of key factors influencing green wind energy park
investments is a critical issue for ensuring efficient resource allocation
and effective project planning. Determining these factors enables in-
vestors and policymakers to allocate limited resources such as capital,
labor, and time more efficiently and avoid unnecessary expenditures
associated with less significant aspects of the project [50]. When the
most influential criteria are clearly defined, potential risks related to
technical, financial, environmental, and operational aspects of wind
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energy projects can be anticipated and managed more effectively.
Consequently, decision makers can implement appropriate strategies to
mitigate these risks and improve the long-term sustainability of wind
energy investments. In addition, focusing on the most critical factors
supports both environmental and economic sustainability by improving
project efficiency and reducing uncertainties in investment planning
[40]. However, despite the growing importance of renewable energy
investments, the existing literature provides limited comprehensive
frameworks for systematically identifying and prioritizing the most
influential factors affecting wind energy park investment decisions.
Most studies focus on technical feasibility or financial analysis without
providing integrated decision-making models that capture complex
uncertainties and dynamic expert evaluations [2],Aqila et al. [8]a,b).
Therefore, this limitation represents an important research gap in the
literature and highlights the need for advanced analytical frameworks
that can effectively evaluate and prioritize the critical factors influ-
encing green wind energy park investments.

The aim of this study is to identify appropriate investment strategies
to increase the effectiveness of the green wind energy parks projects.
Within this regard, a novel decision-making model has been established.
Firstly, dynamic expert dataset is constructed by the help of Q-learning
algorithm. In this process, reward and penalty degrees are computed,
and average values are estimated. Moreover, performance indicators are
weighted via molecular fuzzy (MF) Bayesian network (BANEW). For this
purpose, angles are obtained, and reciprocal values are calculated. In
this scope, decision matrix is weighted, and global best positions are
determined. In summary, following two research questions are created.

(1) Which performance indicators play the most key role for project
evaluation in wind energy park investments?

(2) Which strategy alternatives for increasing the efficiency of green
wind energy park projects should be prioritized?

The main motivation is to define adequate investment approaches to
improve the productivity and efficiency of green wind energy park in-
vestments. For these projects to operate with high efficiency, critical
performance indicators and appropriate strategies must be clearly
defined. However, there is no consensus on these issues in the literature.
Failure to clearly define performance indicators may lead to inefficient
use of resources. Similar to this situation, failure to implement the right
strategies may increase the risk of project failure. This situation in-
creases the uncertainty in the process and makes investors anxious. To
solve these problems, a comprehensive priority analysis must be per-
formed to determine the most important factors. A decision-making
model can be established to achieve this goal. For this model to be
effective, it is important to prefer innovative fuzzy sets that can reduce
uncertainty. Moreover, weighting and ranking techniques appropriate
to the purpose of the study must also be selected.

The total significance of this research for the academic literature is
that appropriate investment strategies are identified to provide perfor-
mance improvements for the green wind energy parks by generating a
novel decision-making model. Hence, the effectiveness of these in-
vestments can be increased. This condition has a powerful contribution
to the long-term profitability of these investments. This situation can be
accepted as the main theoretical contribution of the study. On the other
side, there are also some methodological contributions of this study. The
recommended model has certain advantages over previously established
models. These significant issues are demonstrated below.

(1) The new decision-making model developed in the study utilizes
dynamic expert opinions. In this context, an expert was asked to
change the criteria and weights 3 different times with a 3-year
interval. In this way, opinions that change over time are ob-
tained. This situation also enables the provision of dynamic
expert evaluations. This new application also contributes signif-
icantly to the literature. Considering the time-dependent changes
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of expert opinions represents an innovative approach that differs
from traditional methods. In the literature, expert opinions are
usually obtained with one-time evaluations. In this context, it is
ignored that these opinions may change over time. Therefore, a
literature innovation is introduced by performing a dynamic
evaluation in this model. The factors affecting the performance of
wind energy projects are particularly sensitive to environmental,
technological or economic changes. Considering expert opinions
that change over time allows more realistic and adaptable
decision-making processes to be obtained. On the other hand,
uncertainty can be reduced with different data obtained over
time rather than one-time expert opinions. This makes it possible
to obtain more accurate analysis results.
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(2) Molecular fuzzy numbers provide a wide range of benefits both

theoretically and practically. In the literature, fuzzy logic models
are generally considered with a fixed mathematical structure. In
this model, the use of dynamic and multidimensional properties
of molecular geometry increases the effectiveness of the analysis
results. Moreover, the use of molecular geometry allows better
analysis and management of uncertainty in complex systems such
as energy investments. Furthermore, molecular fuzzy numbers
can be easily adapted according to changing conditions. This
makes the model more flexible and useful compared to classical
methods. In other words, enriching decision matrices with geo-
metric properties allows special models to be made for different
situations.

Wind Energy Park Investment Evaluation

Dynamic Expert Evaluations
Before During After Investment

A_n.r;su

IL'

Q-Learning Algorithm

Balancmg Expen Data

> o ,Q_ ./0
@ o e A
o N
Molecular Fuzzy Bayesian Network (MF-BANEW)
Weighting Evaluation Criteria

Lm Q’%"&‘L&J

Ecological Social

Molecular Fuzzy Multi-Objective PSO (MF-MOPSO)
Ranking Strategy Alternatives

-—® = o

- o "

‘:¢@:;\/\. " 2O

— Optimal Investment Strategy —
% Balanced Energy Supply + Energy Storage

Sustainable Wind Energy Park —
® Reduced CO, Emissions
o Improved Efficiency
e Enhanced Grid Stability
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(3) In the study, Bayesian network approach is used to calculate the
importance weights of the criteria. This model has some advan-
tages compared to other models in the literature. Probability-
based evaluations are made in the analysis process of this
model. Owing to this condition, it is possible to manage the un-
certainty in the process much more effectively. Analytic hierar-
chy process approach generally calculates the criteria weights
based on definite and deterministic data. Since Bayesian network
is a probability-based approach, it is much more successful in
modeling uncertainties and missing data. Preference ranking or-
ganization method for enrichment evaluations technique evalu-
ates the relationships between the criteria independently.
Bayesian network is a model that can define conditional de-
pendencies. This situation allows the effect of factors on other
criteria to be analyzed directly. Elimination and choice trans-
lating reality approach cannot directly analyze the causality re-
lationships between the factors. Bayesian network model can
analyze causal directions.

This study provides several important contributions to the literature
on renewable energy investment evaluation and decision making under
uncertainty. First, the study introduces a dynamic expert evaluation
framework by integrating the Q learning algorithm into the decision-
making process, allowing expert opinions collected from different time
periods to be incorporated into the analysis. This approach improves the
realism of the evaluation process compared with traditional models that
rely on static expert assessments. Second, the study applies molecular
fuzzy sets within a Bayesian network based weighting mechanism,
enabling a more effective representation of uncertainty and in-
terdependencies among evaluation criteria. Third, the integration of
molecular fuzzy multi objective particle swarm optimization allows the
identification of optimal investment strategies under complex decision
environments. By combining dynamic learning, advanced uncertainty
modeling, and multi objective optimization within a unified framework,
the proposed model provides a novel analytical tool for evaluating green
wind energy park investments and improving strategic decision making
in renewable energy projects. Fig. 1 illustrates the graphical abstract
based on the contributions of the manuscript to the literature.

The manuscript has six different sections. The missing part of the
literature is underlined in the following section. The third part explains
each step of the proposed model. The fourth part includes the results of
this model. The final chapters offer information about discussion, future
research recommendations and limitations.

2. Literature review

Green wind energy parks reduce the carbon footprint by promoting
clean energy production, while also making a significant contribution to
sustainable development goals [33]. One of the important criteria in
determining the most appropriate strategy for green wind energy in-
vestments is financial feasibility Saleem et al. [53,4]. Initial capital,
installation cost, operation and maintenance cost, energy production
capacity, incentives and financing options are some of the issues eval-
uated within the scope of financial feasibility [47]. Wang et al. [60],
indicated in their study that green finance plays an essential role in
directing wind energy projects. They emphasized that wind energy in-
vestments realized through green financing will reduce dependence on
fossil fuels. In addition, Boadu and Otoo [11] conducted a comprehen-
sive study on the development of wind energy in Africa. In the study, it is
stated that investments in wind energy will increase energy production
capacity and clean energy production. Similarly, Chen et al. [16] noted
that wind energy production costs are decreasing rapidly. This situation
increases the potential for wind energy utilization.

Operational performance is one of the effectiveness criteria for
raising the efficiency of green wind energy park investments. Wind en-
ergy projects with high operational performance minimize fluctuations
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in energy production, reducing energy costs and increasing the use of
renewable energy [24], Santos and Gonzalez [56]. Indeed, Jung et al.
[34] emphasized in their study that technological developments are an
important factor for increasing the efficiency of energy produced by
wind energy. Similarly, Ba-abbad et al. [9] stated that energy produced
using solar and wind energy is an effective way to combat climate
change. In addition, Ouerghi et al. [45] mentioned that wind farms can
be used to reduce dependence on distant power networks, increase en-
ergy security and reduce energy dependence. Finally, Nassar et al. [42]
emphasize that wind energy reduces the carbon footprint in the energy
cycle. The study also noted that wind energy will be effective in reducing
carbon emissions.

The other critical criterion for increasing effectiveness of green wind
energy park investments is ecological compatibility. Ensuring ecological
compatibility not only ensures environmental sustainability in renew-
able energy projects [54], but also contributes significantly to the long-
term success and social acceptance of investments [5,28]. As an
example; Hasheminezhad et al. [32] stated that the use of recycled
material in the material used for wind power generation is an innovative
sustainable solution. The study also emphasized the importance of waste
management in green energy production. In addition, Maimé-Far et al.
[37] emphasized that energy distributions should be realized by
considering ecological and technical factors. The study draws attention
to the energy-land nexus that should be considered in determining the
production location for renewable energy sources. Finally, Alshehhi
et al. [6] analyzed the factors affecting the acceptance and durability of
wind energy. The study highlighted that socioeconomic factors are
important in the adoption of wind energy.

Social compliance in green wind energy park investments is one of
the important criteria for planning wind energy projects in accordance
with the needs, expectations and social structure of the local commu-
nity. Social acceptance of green wind park projects is also important for
sustainable development [59,1]. Indeed, Balotari-Chiebao and Byholm
[10] emphasized in their study that land use regulations for wind energy
production should be determined in line with ecological concerns.
Ramalho et al. [48] demonstrsted that the location of wind energy
systems will have impacts on the habitats of living things. However,
Prieto-Herraez et al. [46] emphasized the importance of public accep-
tance in renewable energy production and especially in wind energy
production. The study also emphasizes that this leads to improvements
in the profit from the energy sold. Finally, Toller et al. [58] argue that
public acceptance is facilitated by holding a referendum on the estab-
lishment of wind power generation facilities.

The literature review revealed some important conclusions. Green
wind energy park is one of the production methods used in green energy
production. These projects have a positive influence on the sustainable
development goals. However, these projects include very complex pro-
cesses. Because of this issue, prior factors of this process should be
defined so that effective investment strategies can be implemented.
However, the number of such studies in the literature is quite limited.
Consequently, to fill this gap, a priority analysis should be done,
considering a wide range of variables.

Although previous studies provide valuable insights into wind en-
ergy investments and renewable energy project evaluation, several
important limitations remain. Many studies primarily focus on technical
efficiency, site selection, or financial feasibility by employing conven-
tional multi criteria decision making methods such as AHP, TOPSIS, and
PROMETHEE. While these approaches provide structured evaluation
frameworks, they generally rely on static expert judgments and deter-
ministic data structures. This limitation may reduce their ability to
capture dynamic changes in expert perceptions and evolving techno-
logical or environmental conditions. In addition, traditional fuzzy ap-
proaches often adopt fixed membership structures, which may not fully
represent the complex uncertainty inherent in renewable energy in-
vestments. Therefore, there is still a need for decision making frame-
works that can integrate dynamic expert assessments and advanced
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uncertainty modeling techniques. In this context, the integration of Q
learning with molecular fuzzy based Bayesian network and multi
objective particle swarm optimization provides a more adaptive and
flexible analytical framework. This structure enables the analysis of time
dependent expert evaluations and improves the reliability of strategic
investment decisions for green wind energy park projects. Literature
comparison is given in Table Al.

3. Methodology

This study proposes an integrated decision-making framework to
evaluate green wind energy park investments by combining dynamic
expert assessment with advanced fuzzy based optimization techniques.
The proposed framework consists of three main stages. In the first stage,
dynamic expert evaluation datasets are generated using the Q learning
algorithm in order to balance expert assessments collected at different
time periods and to construct a consistent evaluation structure. In the
second stage, the importance weights of the evaluation criteria are
determined using the molecular fuzzy Bayesian network approach,
which allows the modeling of conditional relationships between criteria
under uncertainty. In the final stage, the molecular fuzzy multi objective
particle swarm optimization method is applied to rank the strategy al-
ternatives and identify the most appropriate investment strategies. This
integrated structure enables a dynamic and uncertainty sensitive eval-
uation process for wind energy park investments.

This paper proposes a molecular fuzzy reinforcement learning
decision-making technique using dynamic expert assessment to deter-
mine the most appropriate strategy for increasing the efficiency of green
wind energy park investments. Within the scope of this proposed
methodology, the uncertainty in expert assessments is analyzed with
molecular fuzzy sets (MFSs), while the unbalanced evaluations due to
the differences in expert evaluations at different times are balanced with
the Q-learning algorithm. In addition, the factors for the project
assessment in wind energy investments are weighted with the MF-
BANEW method, while the strategy alternatives for increasing the
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efficiency of green wind energy park projects are ranked with MF-
MOPSO.

To provide a clearer understanding of the proposed analytical
framework, the overall research process can be summarized in a struc-
tured sequence of stages. First, dynamic expert evaluations are collected
from different time periods of the wind energy investment project. These
datasets are then balanced using the Q learning algorithm to generate a
consistent dynamic expert dataset. In the second stage, the importance
weights of the evaluation criteria are determined using the molecular
fuzzy Bayesian network approach, which allows the modeling of in-
terdependencies between the criteria under uncertainty conditions. In
the final stage, the molecular fuzzy multi objective particle swarm
optimization method is employed to rank the strategy alternatives and
determine the most appropriate investment strategies. The final outputs
of the framework include the priority levels of performance indicators
and the ranking of strategic investment alternatives for improving the
efficiency of green wind energy park projects. The flow for dynamic
expert project assessment for green wind energy park investments is
visually presented by Fig. 2.

Definitions about MFS used for uncertainty analysis are given below
[31,21].

Definition 1 Let a set S be a universe of discourse. A MFS M is an
element having the form M = {x,(®y(x), ¥yu(x), Qu(x))xecS}

where  the function @y(x) = 145 W) = Ay
Qu(x) =1~ <(1 - ﬁ) +;Tax> and @y (x) +¥g(x) +Qj(x) = 1 are the

degree of membership, non-membership, hesitant of x to M,
respectively.

Definition 2: Let M; and M, be two molecular fuzzy numbers (MFNs).
Then, the general operations are presented by Equations (1)-(5).

s = { (.0, 0y, (0 Wi 00, (0., (-2, 0) x5 |

€8]

Collect the Assessments > Define the MF Vectors »  Calculate the Entropies
v v
Define the Best Period Obtain the Angles Obtain the Weights
v v
Compute the Reward and Compute the Normalized The Weighted Decision
Penalty Degrees Angles Matrix
v
Calculate the Reciprocal N N
Update the Values Values > Define the Positions
v v
. . Construct the Normalization Determine the Global Best
— Determine the Final MFN SENatER — Positions
Y v
Estimate the Averaged
Values for Relation Matrix Compute the H values
Calculate the Averaged
Values for Decision Matrix

Fig. 2. The flow for dynamic expert project assessment.
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MMy = {(x,min(/l-cb,\;,1 (x),l),max(l —ﬂ(l - Y (x))ﬁ),max(l
—l(l —QMl(x)>,0) )\XGS}

(2)
M= (Qlfd) = {(x,ll( iz;:(DMl(x)% ZTM(X) % lzk;QMl(x)> x
€ S} 3)
M; UM, = {(x, max((DMl (x), @y, (%) ),min(‘I’M1 (x), Wiz, (x) ),
min(00, 04,0 ) Y5 v
M, NM, = {(x, min <<I>M1 (x), @y, () > ,max (‘{’Ml (x), Wy, (%) ), ©

max (QMl (), Q, (x)) ) |x e S}

3.1. Q-learning algorithm

Q-learning algorithm is a reinforcement learning algorithm that
transforms different assessment data sets into balanced data sets ac-
cording to parameters such as reward (f;), penalty (fp) and learning
rate (fy) factors. Thus, according to the most valuable assessment
dataset, other datasets are balanced. The aim of this method is to create
optimal values of assessment matrices by maximizing the cumulative
reward and minimizing the cumulative penalty. The steps of the Q-
learning algorithm are as follows [29]:

The reward and disciplinary degrees among the best period and
others are calculated with the help of Egs. (6) and (7), where the eval-
uation for the best period (@1a(besw) ) is the baseline Q matrix and the
assessments for the other periods are (Q; q(otherp) )-

Dy, = fe % (Qsapestp) — Qs.aother) ) 6)
Dp;,l :ﬁ7 X (Qs,a(otherP) - Qs,a(bestP) ) (7)

Afterwards, the updated Q matrix (Q;'a) is constructed using f with
Equation (8).

Qo = Qatear) +ir x (D ~Dp..) ®

Equation (9) is used to determine the optimal Q matrix.

max

s.a

where ¢ means threshold value for the convergence. As long as the
condition in Equation (9) is not met, the Q matrix is updated.

3.2. Normalization of MFN

Normalization of MFN respect to various molecular geometry shapes
is used for comparative of ranking or weighting. The computing of
normalization of the MFN are summarized below.

First of all, multi-criteria decision matrix is created [31]. The matrix
is shown by Equation (10).

X= H 10)

International Journal of Electrical Power and Energy Systems 177 (2026) 111835

where X is multi-criteria decision matrix, X;j means the MF elements of i-
row of j-column of X. Later, the molecular fuzzy vectors of X a re
determined for each row with the help of Equation (11).

@; = [(®n, i, Qu), (Piz, Piz, Qi) -+ (Pir, Wi, Qur) ] 1n)

t
(lﬂi-(/'j) = Z (D Dy + Vik Wik + Quac-Qik) 12)
=

Afterwards, the corner among the MF-vectors is approximated by

Equation (13).

: (¢:-0;)
(S (@2 + 92+ @3) ) (i (@3 + W2+ 92 ) )
(13)

B

=Ccos~

Pi-9j

where cos™! is reverse cosine function. After the corners are obtained,
the standardization of the corners is defined based on various molecular
geometry shapes. In general, normalized corners are found by divided
with the biggest value of the corners. At the same time, the normalized
corners are estimated using the radians of the corners of molecular ge-
ometry shapes. The computing process is shown in Equation (14).

Pi-?j . l
~—; genera

—%Ww" : linear
P
PPy L.
213 trigonalplanar
nz(B,.,,) = (14)

B, tetrahedral
n/2’

—%W'”’ ; trigonalbipyramidal
2r/5’

B, 0
Lg’; octahedral

where, By is the biggest measure of corner. After that, the reciprocals
of the normalize(*B) are calculated using Equation (15).

1

: (%M> : W (15)

Finally, the normalization of MFN is identified by Equations (16) and
an.

gy (B0n) a6
Z}'Zl rec (% o0y )
A= [ng] a7

3.3. MF-BANEW

BANEW method, which determines the weights of the factors by
analyzing the conditional interdependencies between the factors, uses
some calculations belonging to data science. More realistic and accurate
results are obtained with data science parameters such as conditional
probability and information gain. BANEW stages where MFN is applied
are shown below [19].

First, the degrees of dependence between factors are collected from
experts and converted to MFN. After that, Equation (3) is used, and MF-
relation matrix is created. This matrix is normalized using Egs. (11)-(17)
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by considering it as the matrix presented in Eq. (10), where m is equal to
n and t is equal to n-1. After the normalized matrix is obtained, the en-
tropies of the factor are calculated by Egs. (18) and (19).

E(F) = — 3 P(F).In(P(F,)) (18)
E(F|F) = — > P(F)).P(F|F)).In(P(FF)) ) 19

where E(F;) and E(F;|F;) refer to the entropy for i" factor and the con-
ditional entropy indicating the remaining uncertainty about i factor
after knowing jth factor, respectively. P(F;) means the prior probability
of i factor and equals to 1/n. Similarly, P(F{|F;) is conditional proba-
bility of it factor given j factor. In is the function of natural logarithm.
Finally, the weight values of factors are obtained using Equation (20).

_ E(R) - E(FIF)
> (B(Fo) — E(FF))

The optimization structure of the proposed system is designed to
identify the most appropriate strategies for improving the efficiency of
green wind energy park investments. Within this framework, the system
model integrates multiple evaluation criteria including financial feasi-
bility, operational performance, ecological compliance, and social
compliance. These criteria represent the key dimensions influencing the
sustainability and efficiency of wind energy projects. The configuration
of the optimization framework consists of dynamic expert evaluations,
molecular fuzzy uncertainty modeling, and multi objective optimiza-
tion. The objective of the optimization process is to determine the
strategy alternative that maximizes the overall performance of the wind
energy park project while maintaining environmental and social sus-
tainability. In this process, the decision variables correspond to the
strategy alternatives evaluated under the defined criteria. The optimi-
zation procedure considers constraints related to technological feasi-
bility, environmental compatibility, and operational efficiency. The
molecular fuzzy MOPSO algorithm iteratively searches for optimal so-
lutions by balancing exploration and exploitation in the search space. As
a result, the framework identifies the most appropriate strategy alter-
natives that can improve the overall performance of wind energy park
investments under uncertain conditions.

W(F;) (20)

3.4. MF-MOPSO

The MOPSO method, which uses the multi-objective PSO algorithm
to rank the options, is one of the many-factors decision-making tech-
niques that also takes into account the interaction between the alter-
natives. The MOPSO method establishes pareto-optimal solutions and
has a unique algorithm that produces balanced results in this search
space. MOPSO stages where MFN is applied are introduced below [31].

First, linguistic analyses are collected from experts and converted
into MFN. After that, Equation (3) is used, and MF-decision matrix is
created. Then, the values are multiplied by the criteria weights and a
weighted decision matrix is created. This matrix is normalized using Egs.
(11)-(17) by considering it as the matrix presented in Equation (10),
where m means the number of alternatives and t is equal to n. The
normalization of decision matrix refers to the final decision matrix for
ranking algorithm. After the final decision matrix is obtained, the par-
ticle presentation in Equation (21) is constructed as a vector for the
potential solution.

X; = {xa, X2, ", Xin} 21

Afterwards, the updated velocity of each particle is calculated with
the help of Eq. (22).

Vi(e+1) = 0Vy(6) + car (Py(6) = Xg(0)) + cara (P (0 - X5(0) ) (22)

where the values of ¢; are 1.5 and w equals to 0.5. r; € [0,1]. To ensure
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the transparency and reproducibility of the proposed analytical frame-
work, the parameter settings of the employed algorithms are clearly
defined. In the Q learning stage, the learning rate is set to 0.1 and the
convergence threshold is determined as 0.02 to control the stability of
the iterative updating process. The reward and penalty values are
calculated based on the differences between the baseline period and the
other evaluation periods. In the molecular fuzzy Bayesian network stage,
the prior probability of each criterion is assumed to be equal due to the
absence of prior dominance among the factors. In the molecular fuzzy
multi objective particle swarm optimization stage, the cognitive and
social coefficients are determined as 1.5 and the inertia weight is set to
0.5 in order to balance exploration and exploitation during the search
process. These parameter settings allow the proposed framework to
achieve stable and consistent optimization results. In addition, Py(t)
means the most optimal position of particle. Similarly, Py, (t) is the
global best position among the decision alternatives. Thus, the initial
velocity (Vy(1)) is determined by Equation (23).

Vii(1) = 0.1 X (Ppax, — Prin,) X T 23)

where, Pnqy, means the maximum value. Similarly, Py, refers to mini-
mum value. Next, the updated position of each particle is estimated with
Equation (24).

Xy(t+1) = Xy(t) + Vy(t+1) 24

The updated position is computed until Pg, (t + 1) —Pg, (t) | < 0.001.

Finally, the final values for ranking are found with the help of Equation
(25).

1 n
H = > Py (25)
i=1

3.5. Assumptions, limitations and uncertainties of the proposed
framework

The proposed analytical framework is developed under several as-
sumptions to ensure the applicability of the model in evaluating green
wind energy park investments. First, the expert evaluations collected
from different time periods are assumed to represent consistent and
reliable judgments regarding the performance indicators and strategy
alternatives. Second, the selected criteria including financial feasibility,
operational performance, ecological compliance, and social compliance
are assumed to adequately capture the main dimensions influencing
wind energy investment performance. Third, the molecular fuzzy rep-
resentation of expert evaluations is assumed to effectively model un-
certainty in decision making environments. Despite the advantages of
the proposed approach, several limitations should be acknowledged.
The analysis is based on evaluations obtained from a limited number of
experts and a specific wind energy project context. Therefore, the
generalization of the results to different geographical regions or energy
systems may require additional validation. In addition, the model fo-
cuses on a specific set of evaluation criteria and strategy alternatives,
while other potential factors may also influence wind energy investment
decisions. Uncertainty in the results may arise from changes in techno-
logical development, policy regulations, and market conditions affecting
renewable energy investments. Furthermore, variations in expert judg-
ments and future energy demand conditions may influence the stability
of the obtained rankings. Future studies may incorporate larger expert
panels, alternative uncertainty modeling techniques, and scenario-based
analyses to further improve the robustness of the decision-making
framework.



G. Kou et al.

3.6. Reproducibility, reinforcement-learning formulation and benchmark
design

For reproducibility, the linguistic-to-molecular-fuzzy conversion
used throughout the study is fixed as H = (0.95, 0.05, 0.00), M = (0.80,
0.15, 0.05), and S = (0.60, 0.30, 0.10). Appendix Table A2 reports this
mapping together with an end-to-end worked example.

The Q-learning stage is modeled as a finite Markov decision process.

The state sl(,k> is the MF relation or decision matrix of period p at iteration
k; the action set A={reward-adjust, penalty-adjust, keep} shifts each
entry toward the highest-priority baseline period; the immediate reward
is defined as rI(,k) = ﬂQf,kH) —Qbest |7 -

So that lower discrepancy produces larger reward; the state transi-
tion is deterministic through the update equation; and the episode ter-
minates when max|Q**1) —Q® | < &. Because the environment is fixed
and the state space is small, the learning block acts as a temporal
balancing controller rather than an open-ended online exploration
agent.

The best period is selected by the normalized feasibility weights in
Table 4. The pre-investment period is used as the baseline because it has
the highest composite weight (0.343), slightly above the after-
investment period (0.338) and the during-installation period (0.319).
This choice minimizes temporal inconsistency while preserving the most
information-rich evaluation matrix.

To clarify the role of MF-MOPSO, the particle position is explicitly
defined as x = [x1, X2, X3,X4,Xs] over the five strategy alternatives, sub-
ject to x; € [0,1] and Z?lei = 1. The ranking stage simultaneously
maximizes the global performance score H, minimizes imbalance among
criterion satisfactions, and maximizes the pairwise dominance margin
between alternatives. The final ranking is obtained by descending
alternative-specific H values. To test robustness rather than only internal
consistency, TOPSIS, VIKOR, and PROMETHEE II are additionally used
as benchmark baselines under the same crisp score transformation.
Appendix Tables A3-A5 summarize the MDP elements, the entropy-
based weight derivation, and the benchmark design so that the entire
pipeline can be replicated from linguistic inputs to final rankings.

4. Analysis

In this study, the wind energy system considered for the project
evaluation is based on a modern horizontal axis wind turbine configu-
ration, which is the most widely used technology in large scale onshore
wind farms. Horizontal axis wind turbines are preferred because of their
high energy conversion efficiency, technological maturity, and strong
reliability under varying wind conditions. The evaluated wind farm
project has a total installed capacity of 50 MW, which is achieved
through multiple utility scale wind turbines operating within the same
wind park. The selected turbine type typically operates with a rotor
diameter of approximately 120 to 150 m and a hub height ranging be-
tween 90 and 120 m, allowing the system to capture stronger and more
stable wind flows. The cut in wind speed of the turbine is around 3 to 4
m/s, while the rated wind speed is approximately 12 to 13 m/s and the
cut out wind speed is about 25 m/s. These characteristics allow the
turbine system to operate efficiently within the average wind speed
conditions observed in the analyzed wind energy project.

Financial feasibility (FF), operational performance (OP), ecological
compliance (EC), social compliance (SC) are the factors selected for
project evaluation in wind energy investments. Smart turbine control
systems for the optimization (STCS), predictive analysis for timely
maintenance (PA), balanced energy supply with energy storage inte-
gration (BES), real-time grid demand using smart technologies (RGD),
shared infrastructure with combined renewable projects (SI) are strategy
alternatives for increasing the efficiency of green wind energy park
projects. For the feasibility assessment of green wind energy park pro-
jects, an expert collects evaluations from three different time periods.
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This expert has been working in project management and renewable
energy investments for more than 25 years. The expert's evaluations are
collected 1 year before the investment, at the time of project installation
and 1 year after the investment installation and analyzed. The project
evaluated in the study has a capacity of 50 MW and its system is an
onshore wind farm.

The physical system model used in this study represents a typical
onshore wind energy park designed for utility scale electricity genera-
tion. The evaluated wind farm has a total installed capacity of 50 MW
and operates under average wind speed conditions of approximately 7.7
m/s. The annual energy production of the system is estimated to be
around 153 GWh, while the operational efficiency of the wind farm is
approximately 95-96%. The system also provides an estimated annual
carbon emission reduction of about 95,000 tons of CO, compared with
conventional fossil fuel-based electricity generation. The capacity factor
of the wind farm is approximately 34-35%, which reflects the realistic
operational performance of modern onshore wind energy projects.
These parameters provide the physical basis of the system model and
allow the proposed decision-making framework to evaluate wind energy
investment strategies under realistic operational conditions.

To strengthen the physical representation of the wind energy layer,
the wind speed at turbine hub height is additionally modeled as V{7, =
Vo) (hz/ho)", where hy = 10m, h; = 100m, and alpha = 0.14. For the
case study, the corresponding reference-level wind speed is approxi-
mately 5.58 m/s, which yields the observed hub-height average of 7.7
m/s. The turbine power curve is then represented by the standard
piecewise function: Eqw,) = 0,V(z4) < View-in)0V(z) > Vicu—ofr); Ewy) =
P(rat) (V(Z.t) _V(cut—in) )/(V(rat) _V(cut—in) )7 V(cut—in) < V(Z‘t) < V(rat); and
Ewy = Pray, Viraty < Vizey < Viwr—ofr), With Vige_iny = 3m/s, Viay =
12m/s, and V(. ofr) = 25m/s. Because annual energy depends on the
full wind-speed distribution rather than the average speed alone, the
measured annual energy output of 153 GWh is retained as the bench-
mark economic input while the added power-curve model provides the
physical linkage between wind conditions and energy yield.

Eco-environmental performance is also incorporated and the avoi-
ded carbon-damage cost is computed by Ccoz) = EF(co2)XExphi(coz),
where the project-specific emission factor is calibrated as EFcoz) = (95,
000ton)/(153GWh) = 0.62kgCO,/kWh and the social cost of carbon is
set to 70/(tonCOz). Eco-adjusted LCOE is then calculated as
LCOE = (a(r,n)xC +C(osm —Cicoz) ) /E: and PBTM = C/Income, where
a(r,n) is the capital recovery factor.

Because the empirical core of the study is based on one expert and
one 50 MW project, a structured perturbation protocol is introduced
instead of over-claiming external validity. In the revised robustness
analysis, expert-derived criterion scores are perturbed stochastically,
criteria weights are varied by plus/minus 10%, and the resulting rank-
ings are re-evaluated over 200 scenarios to test the stability of the de-
cision rather than to fabricate additional field evidence.

4.1. Defining the dynamic expert dataset

The assessments are collected from the expert in three different time
periods. Table 1 includes the assessments regarding the factors.

At similar times, assessments are collected from the same expert for
strategy alternatives. Table 2 presents the expert's assessments regarding
strategy alternatives.

Later, the period with the best assessment needs to be determined. In
this context, a feasibility analysis for three periods is performed. Table 3
summarizes the details of the feasibility analysis for the periods.

To determine the best period, the values in Table 3 are normalized by
dividing the associated column by the maximum value. The weights of
the periods are obtained by normalizing the average values. Accord-
ingly, the most important period is the pre-investment period. The
weight values of other periods are shown in Table 4.

The weights in Table 4 are used as f. and f,. The weight of the pre-



G. Kou et al.

Table 1

Linguistic assessments about factors.
Before Investment FF OP EC SC
FF H S S
OP H S S
EC M S H
SC M S S
During Installation FF oP EC SC
FF S H S
OP S S H
EC S S H
SC M S S
After Investment FF opP EC SC
FF M S S
OP M H H
EC M S H
SC M S H

Table 2

The linguistic assessments about strategy alternatives.
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Similarly, Table 6 presents the D, , of the decision matrix.

After computing these two degrees, Equation (8) calculates the Q, ,.
The fi, in this equation is 0.1 and Table 7 shows the updated values of the
decision matrix.

The convergence condition specified in Equation (9) is tested. Ab-
solute differences are calculated for the first iteration. The values are
updated until the absolute differences are less than 0.02. The number of
iterations for the correlation and decision matrices is four. As a result of
the Q-learning algorithm, the evaluations for the calculated relation
matrix are given in Table 8.

Similarly, the values are given in Table 9.

4.2. Normalization of matrices

Equation (14) calculates the averaged MFNs for the relation and

Table 5
D, Of mf-q decision matrix among the dynamic expert periods.

Before Investment FF op EC SC Bef(?re Investme‘nt- FF op EC sC
During Installation
STCS H H H S
PA s M H S STCS (—0.05, (0.00, 0.00, (0.00, 0.00, (0.00, 0.00,
BES H S M H 0.03, 0.02) 0.00) 0.00) 0.00)
RGD M M H H PA (0.00, 0.00, (0.06, (0.00, 0.00, (0.00, 0.00,
SI s M S H 0.00) —0.05, 0.00) 0.00)
During Installation FF OP EC SC —0.02)
STCS S H H S BES (—0.05, (0.00, 0.00, (0.00, 0.00, (—0.05,
PA s s H S 0.03, 0.02) 0.00) 0.00) 0.03, 0.02)
BES s s M s RGD (0.06, (0.00, 0.00, (0.00, 0.00, (0.00, 0.00,
RGD S M H H —0.05, 0.00) 0.00) 0.00)
I s M s H ~0.02)
After Investment FF op EC sc SI (0.00, 0.00, (0.00, 0.00, (0.00, 0.00, (0.00, 0.00,
STCS H M M S 0.00) 0.00) 0.00) 0.00)
PA S M H S Before Investment- FF oP EC SC
BES M S M H After Investment
RGD M s S s STCS (0.00, 0.00, (-0.12, (-0.12, (0.00, 0.00,
SI S M S S 0.00) 0.08, 0.03) 0.08, 0.03) 0.00)
PA (0.00, 0.00, (0.00, 0.00, (0.00, 0.00, (0.00, 0.00,
0.00) 0.00) 0.00) 0.00)
investment period is the f,,, while the weights of other periods are the f.. BES E),o%,l(? 03) g%%?’ 000, E)(.)i)(())(;’ 000, E)(.)i)(())(;’ 000,
Then, the linguistic terms in Table 1 and Table 2 are transformed into RGD (0.00,0.00,  (0.07, (~0.05, (~0.05,
MEN by following Equations (1)-(5). Then, Equation (6) is used to 0.00) —0.05, 0.03,0.02)  0.03,0.02)
compute the D, for relation and decision matrices, while Equation (7) is -0.02)
N . SI (0.00, 0.00, (0.00, 0.00, (0.00, 0.00, (—0.05,
used to calculate the D, , for these matrices. Table 5 presents the D, , for 0.00) 0.00) 0.00) 0.03, 0.02)
the decision matrix.
Table 3
Details of feasibility analysis.
Average Wind Annual Energy Output ~ Revenue (Million IRR NPV Operational CO2 Reduction Capacity
Speed (m/S) (GWh/year) $/year) (%) (Million $) efficiency (%) (tons/year) factor (%)
Before 7.7 153 8.43 10.5 25 96 95,000 35
Investment
During 7.5 151 8.43 8.2 18 96 95,000 34
Installation
After 7.6 151 8.41 10.2 24 95 94,500 34.5
Investment
Table 4
The weights of the period.
Average Wind ~ Annual Energy Revenue IRR NPV Operational CO2 Reduction Capacity Average Weights
Speed (m/S) Output (GWh/ (Million (%) (Million $) efficiency (%) (tons/year) factor (%) scores
year) $/year)
Before 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.343
Investment
During 0.97 0.98 1.00 0.78 0.72 1.00 1.00 0.97 0.93 0.319
Installation
After 0.99 0.98 1.00 0.97 0.96 0.99 0.99 0.99 0.98 0.338
Investment
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Table 6 Table 8
Dy, Of mf-q decision matrix among the dynamic expert periods. The MF-Q values for relation matrix.
Before Investment- FF OP EC SC Before Investment FF OoP EC SC
During Installation (initial Q matrix)
STCS (0.05, (0.00,0.00,  (0.00,0.00, (0.00, 0.00, FF (0.00, (0.95, (0.80, (0.80,
~0.03, 0.00) 0.00) 0.00) 0.00,0.00)  0.05,0.00) 0.15,0.05) 0.15,0.05)
-0.02) oP (0.95, (0.00, (0.80, (0.80,
PA (0.00, 0.00,  (—0.07, (0.00,0.00,  (0.00, 0.00, 0.05,0.00)  0.00,0.00) 0.15,0.05)  0.15,0.05)
0.00) 0.05,0.02)  0.00) 0.00) EC (0.60, (0.80, (0.00, (0.95,
BES (0.05, (0.00, 0.00,  (0.00,0.00,  (0.05, 0.30,0.10)  0.15,0.05)  0.00,0.00)  0.05,0.00)
—0.03, 0.00) 0.00) ~0.03, e (0.60, (0.80, (0.80, (0.00,
-0.02) ~0.02) 0.30,0.10)  0.15,0.05)  0.15,0.05)  0.00, 0.00)
RGD (—0.07, (0.00, 0.00,  (0.00,0.00,  (0.00, 0.00, During Installation FF oP EC sC
0.05,0.02)  0.00) 0.00) 0.00) (Balanced Q matrix)
SI (0.00, 0.00,  (0.00,0.00,  (0.00,0.00, (0.00, 0.00, FF (0.00, (0.80, (0.95, (0.80,
0.00) 0.00) 0.00) 0.00) 0.00,0.00)  0.15,0.05)  0.05,0.00) 0.15,0.05)
Before Investment- FF OP EC SC OoP (0.80, (0.00, (0.80, (0.95,
After Investment 0.15,0.05)  0.00,0.00) 0.15,0.05)  0.05,0.00)
STCS (0.00,0.00,  (0.12, 0.12, (0.00, 0.00, EC (0.80, (0.80, (0.00, (0.95,
0.00) ~0.09, ~0.09, 0.00) 0.15,0.05)  0.15,0.05)  0.00,0.00)  0.05,0.00)
~0.03) ~0.03) sC (0.60, (0.80, (0.80, (0.00,
PA (0.00, 0.00,  (0.00,0.00,  (0.00,0.00, (0.00, 0.00, 0.30,0.10)  0.15,0.05)  0.15,0.05)  0.00, 0.00)
0.00) 0.00) 0.00) 0.00) After Investment FF oP EC SC
BES 0.12, (0.00, 0.00,  (0.00,0.00,  (0.00, 0.00, (Balanced Q matrix)
—0.09, 0.00) 0.00) 0.00) FF (0.00, (0.86, (0.80, (0.80,
—0.03) 0.00,0.00) 0.11,0.02) 0.15,0.05) 0.15,0.05)
RGD (0.00, 0.00,  (—0.07, (0.05, (0.05, oP (0.86, (0.00, (0.84, (0.84,
0.00) 0.05, 0.02) ~0.03, ~0.03, 0.11,0.02)  0.00,0.00) 0.13,0.04) 0.13,0.04)
-0.02) -0.02) EC (0.60, (0.80, (0.00, (0.95,
SI (0.00, 0.00,  (0.00,0.00,  (0.00,0.00, (0.05, 0.30,0.10)  0.15,0.05)  0.00,0.00)  0.05,0.00)
0.00) 0.00) 0.00) —0.03, sC (0.60, (0.80, (0.84, (0.00,
-0.02) 0.30,0.10)  0.15,0.05)  0.13,0.04)  0.00, 0.00)
Table 7 . . Table 9
Updated MF-Q decision matrix. The MF-Q values for decision matrix.
Before Investment- FF op EC sc Before Investment FF OP EC SC
During Installation (initial Q matrix)
STCS (0.94, (0.95, (0.95, (0.80, STCS (0.95, (0.95, (0.95, (0.80,
0.06,0.00)  0.05,0.00) 0.05,0.00) 0.15, 0.05) 0.05,000) 0.05,000) 0.05 000 0.5, 0.05)
PA (0.80, (0.61, (0.95, (0.80, PA (0.80, (0.60, .95, (0.80,
0.15,0.05)  0.29,0.10)  0.05,0.00) ~ 0.15,0.05) 0.15,0.05)  0.30,0.10) 0.05,0.00) 0.15,0.05)
BES (0.94, (0.80, (0.60, (0.94, BES (0.95, (0.80, (0.60, (0.95,
0.06,0.00)  0.15,0.05)  0.30,0.10)  0.06, 0.00) 0.05,000) 015,005 0.30,010)  0.05,0.00)
RGD (0.61, (0.60, (0.95, (0.95, RGD 0.60, 0.60, 0.95, (0.95,
0.29,0.10)  0.30,0.10)  0.05,0.00) ~ 0.05, 0.00) 0.30,0.10) 0.30,0.10)  0.05,0.00)  0.05,0.00)
SI (0.80, (0.60, (0.80, (0.95, st (0.80, (0.60, 0.80, 0.95,
0.15,0.05)  0.30,0.10)  0.15,0.05)  0.05, 0.00) 0.15,005) 0.30,0.10) 0.15,005)  0.05,0.00)
Before Investment- FF or EC sC During Installation FF opP EC SC
After Investment (Balanced Q matrix)
STGS (0.95, (0.93, (0.93, (0.80, STCS .80, ©.95, .95, .80,
0.05,0.00) 0.07,0.01) 0.07,0.01) 0.15, 0.05) 0.15,005) 0.05,000) 0.05,000) 0.15, 0.05)
PA (0.80, (0.60, (0.95, (0.80, PA (0.80, (0.80, (0.95, (0.80,
0.15,0.05)  0.30,0.10)  0.05,0.00) 0.15, 0.05) 0.15,005) 015,005 0.05,000) 0.15, 0.05)
BES (0.93, (0.80, (0.60, (0.95, BES (0.80, (0.80, 0.60, (0.80,
0.07,0.01)  0.15,0.05  0.30,0.10) ~ 0.05, 0.00) 0.15,0.05) 0.15,0.05) 0.30,0.10) 0.15,0.05)
RGD (0.60, (0.61, (0.94, (0.94, RGD (0.80, (0.60, (0.95, (0.95,
0.30,0.10)  0.29,0.10)  0.06,0.00)  0.06, 0.00) 0.15,0.05) 0.30,010) 0.05,0.00) 0.05,0.00)
ST (080, (060, (0.80, (0.94, sI (0.80, (0.60, (0.80, (0.95,
0.15,0.05)  0.30,0.10) 0.15,0.05)  0.06, 0.00) 0.15,005) 030,0.10) 0.15,005)  0.05,0.00)
After Investment FF OoP EC SC
(Balanced Q matrix)
decision matrices formed by Equation (10). Table 10 shows the average STCS (0.95, (0.86, (0.86, (0.80,
values. 0.05,0.00) 0.11,0.02) 0.11,0.02)  0.15,0.05)
Similarly, Table 11 also presents the average values for the decision PA (0.80, (0.60, (0.95, (0.80,
matrix. Table 12.. . ?6158 0.05) ?(.)3;)6 0.10) ?(.)0656 0.00) ?61;3; 0.05)
Then, Equation (11) defines the ¢;. While the t value for the relation O.il,’0.0Z) o.i s, ’0.05) o.éo, ’0_10) 0.(')5, ’0.00)
matrix is 3, it is 4 for the decision matrix. RGD (0.60, (0.65, 0.91, 0.91,
After the ¢ are obtained, Equation (12) presents the (gal-,gaj) result. 0.30,0.10)  0.26,0.09)  0.07,0.01)  0.07,0.01)
SI (0.80, (0.60, (0.80, (0.91,

Then, Eq. (13) determines the ‘B,,,i_q,j for the matrix. Equation (14) ob- 0.15,005) 0.30,0.10) 0.15,005)  0.07,0.01)

tains the nz(%,, ,,) according to the molecular geometry shapes. Equa-
tion (15) calculates the rec (%w%). Finally, Egs. (16) and (17) estimate
the n;; of the relation matrix. Accordingly, the 1;; for the relation matrix

10
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Table 10
The averaged MFN for relation matrix.
FF OP EC SC
FF (0.00, 0.00, (0.87, 0.10, (0.85, 0.12, (0.80, 0.15,
0.00) 0.02) 0.03) 0.05)
OoP (0.87, 0.10, (0.00, 0.00, (0.81, 0.14, (0.86, 0.11,
0.02) 0.00) 0.05) 0.03)
EC (0.67, 0.25, (0.80, 0.15, (0.00, 0.00, (0.95, 0.05,
0.08) 0.05) 0.00) 0.00)
SC (0.60, 0.30, (0.80, 0.15, (0.81, 0.14, (0.00, 0.00,
0.10) 0.05) 0.05) 0.00)
Table 11
The averaged MFN for decision matrix.
FF OP EC SC
STCS (0.90, 0.08, (0.92, 0.07, (0.92, 0.07, (0.80, 0.15,
0.02) 0.01) 0.01) 0.05)
PA (0.80, 0.15, (0.67, 0.25, (0.95, 0.05, (0.80, 0.15,
0.05) 0.08) 0.00) 0.05)
BES (0.87, 0.10, (0.80, 0.15, (0.60, 0.30, (0.90, 0.08,
0.02) 0.05) 0.10) 0.02)
RGD (0.67, 0.25, (0.62, 0.29, (0.94, 0.06, (0.94, 0.06,
0.08) 0.10) 0.00) 0.00)
SI (0.80, 0.15, (0.60, 0.30, (0.80, 0.15, (0.94, 0.06,
0.05) 0.10) 0.05) 0.00)
Table 12
MF vectors for relation matrix.
MF Vectors
@ [(0.87, 0.10, 0.02), (0.85, 0.12, 0.03), (0.80, 0.15, 0.05)]
723 [(0.87, 0.10, 0.02), (0.81, 0.14, 0.05), (0.86, 0.11, 0.03)]
@3 [(0.67, 0.25, 0.08), (0.80, 0.15, 0.05), (0.95, 0.05, 0.00)]
n [(0.60, 0.30, 0.10), (0.80, 0.15, 0.05), (0.81, 0.14, 0.05)]

according to linear shape are summarized in Table 13.

4.3. Weighting the factors by MF-BANEW

Egs. (18) and (19) compute the entropy and conditional entropy
values of the factors. Finally, Eq. (20) determines the weights of the
factors. The entropy values and weights of the factors for LS are pre-
sented in Table 14.

Table 15 shows the priority order of the factors.

According to Table 15, the most important factor is SC. The fact that
the priority order does not change according to the different learning
rate and shape shows the consistency and validity of the analysis.

4.4. Ranking the alternatives by MF-MOPSO

After the values in Table 9 are averaged with Equation (14), the
values are multiplied by weights. Table 16 contains the weighted deci-
sion matrix.

Later, the process in section 4.2 is applied for this matrix. The final
decision matrix is obtained in Table 17.

Afterwards, Egs. (21)-(24) is used and the best positions are deter-
mined. The results of five iterations are in Table 18.

Table 13
The normalization of relation matrix for LS.
FF OP EC SC
FF 0 0.378 0.104 0.100
(0)3 0.378 0 0.121 0.102
EC 0.104 0.121 0 0.195
SC 0.100 0.102 0.195 0
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Table 14
Entropy values and weights of the factors for LS.
E(F;) E(Fi|F)) W(F;)
FF 1.386 0.832 0.244
(0)4 0.856 0.234
EC 0.810 0.255
SC 0.781 0.267
Table 15
Comparison analysis results for factors.
LR:0.1 LS TPS TS TBS 0os
FF 3 3 3 3 3
OP 4 4 4 4 4
EC 2 2 2 2 2
SC 1 1 1 1 1
LR:0.5 LS TPS TS TBS oS
FF 3 3 3 3 3
OoP 4 4 4 4 4
EC 2 2 2 2 2
sC 1 1 1 1 1
LR:1 LS TPS TS TBS [0
FF 3 3 3 3 3
OoP 4 4 4 4 4
EC 2 2 2 2 2
SC 1 1 1 1 1
Table 16
Weighted decision matrix.
FF oP EC SC
STCS (0.22, 0.02, (0.22, 0.02, (0.23, 0.02, (0.21, 0.04,
0.00) 0.00) 0.00) 0.01)
PA (0.20, 0.04, (0.16, 0.06, (0.24, 0.01, (0.21, 0.04,
0.01) 0.02) 0.00) 0.01)
BES (0.21, 0.03, (0.19, 0.04, (0.15, 0.08, (0.24, 0.02,
0.01) 0.01) 0.03) 0.00)
RGD (0.16, 0.06, (0.14, 0.07, (0.24, 0.01, (0.25, 0.02,
0.02) 0.02) 0.00) 0.00)
SI (0.20, 0.04, (0.14, 0.07, (0.20, 0.04, (0.25, 0.02,
0.01) 0.02) 0.01) 0.00)
Table 17
Final decision matrix for LS.
STCS PA BES RGD SI
STCS 0.119 0.083 0.075 0.081
PA 0.119 0.070 0.139 0.127
BES 0.083 0.070 0.064 0.095
RGD 0.075 0.139 0.064 0.147
SI 0.081 0.127 0.095 0.147

The H values are computed as 0.1002, 0.0999, 0.1020, 0.0982, and
0.0988 respectively. Molecular geometry shapes and learning rates are
used to compare the results. The comparison results are given in
Table 19.

The results presented in Table 19 demonstrate that the ranking
outcomes remain consistent across different molecular geometry shapes
and learning rate parameters. This consistency indicates that the pro-
posed model provides stable and reliable evaluation results. To further
verify the superiority of the proposed approach, additional statistical
comparison analyses are conducted. The Friedman test results indicate
that the proposed molecular fuzzy reinforcement learning framework
achieves the highest average ranking among the compared methods.
Furthermore, the Wilcoxon signed rank test confirms that the perfor-
mance differences between the proposed model and alternative ap-
proaches are statistically significant. These findings provide strong
empirical evidence that the proposed framework offers more reliable
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Table 18
Iteration results for LS.
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STCS PA BES RGD SI STCS PA BES RGD SI (Pe)(1))  ((Pe) () —((Pgy)(t—1))
(V)1)  (V2)1)  Vs)(1))  ((Va)(1)  ((V5)(1)  (@1)D) ((P2)(1)) (P3)(1)) (P4)(1))  (Ps)(1))

STCS 0.00 0.00 0.00 -0.01 0.00 0.12 0.08 0.08 0.08 0.12 -

PA —0.01 0.01 —0.01 0.01 0.12 0.00 0.07 0.14 0.13 0.14 -

BES —0.01 0.00 —0.01 —0.01 0.08 0.07 0.00 0.06 0.10 0.10 —

RGD  -0.01 0.00 0.00 -0.01 0.08 0.14 0.06 0.00 0.15 0.15

SI 0.01 —0.01 0.01 0.00 0.08 0.13 0.10 0.15 0.00 0.15 -
STCS PA BES RGD sI STCS PA BES RGD SI (P)(2))  ((Pg)(t)) —((Pgy)(t—1))
(v1)(2)  ((72)(2)  W(V5)(2))  (((Va)(2))  ((V5)(2)) ((P1)(2)) ((P2)(2)) ((P5)(2))  ((P4)(2))  ((Ps5)(2)

STCS 0.00 0.00 0.01 0.01 0.00 0.12 0.11 0.11 0.11 0.12 0.00

PA 0.01 0.01 —0.01 0.01 0.14 0.00 0.13 0.14 0.14 0.14 0.01

BES 0.00 0.00 0.01 0.00 0.09 0.09 0.00 0.09 0.10 0.10 0.00

RGD 0.02 0.01 0.03 0.00 0.13 0.15 0.13 0.00 0.15 0.15 0.00

SI 0.01 0.01 0.01 0.00 0.13 0.14 0.13 0.15 0.00 0.15 0.00
STCS PA BES RGD SI STCS PA BES RGD SI ((P)(3))  ((Pg)(1)) —((Pg)(t—1))
v)@3))  (V2)(3))  ((V3)(3))  ((V4)(3))  ((V5)(3)) ((P1)(3))  ((P2)(3))  ((P3)(3))  ((P4)(3))  ((P5)(3))

STCS 0.00 —0.02 —0.01 0.00 0.00 0.12 0.11 0.11 0.11 0.12 0.00

PA 0.00 —0.02 —0.01 0.00 0.14 0.00 0.13 0.14 0.14 0.14 0.00

BES —0.01 -0.01 —0.01 0.00 0.09 0.09 0.00 0.09 0.10 0.10 0.00

RGD —0.02 0.00 —0.02 0.00 0.13 0.15 0.13 0.00 0.15 0.15 0.00

SI —0.02 0.00 —0.01 0.00 0.13 0.14 0.13 0.15 0.00 0.15 0.00

Table 19 Table 20
Comparison analysis results for alternatives. Convergence statistics of the ranking stage.

LR: 0.1 LS TPS TS TBS os Iteration Mean best H Std. across runs Increment vs previous

STCS 2 2 2 2 2 0 0.10122 0.00061 -

PA 3 3 3 3 3 1 0.10155 0.00049 0.000327

BES 1 1 1 1 1 2 0.10170 0.00046 0.000150

RGD 5 5 5 5 5 3 0.10179 0.00044 0.000088

SI 4 4 4 4 4 4 0.10186 0.00035 0.000073

LR: 0.5 LS TPS TS TBS 0s 5 0.10190 0.00035 0.000038

STCS 2 2 2 2 2 6 0.10190 0.00035 0.000005

PA 3 3 3 3 3 7 0.10191 0.00035 0.000006

BES 1 1 1 1 1 8 0.10192 0.00035 0.000006

RGD 5 5 5 5 5 9 0.10192 0.00035 0.000002

SI 4 4 4 4 4 10 0.10192 0.00035 0.000002

LR: 1 LS TPS TS TBS 0s

STCS 2 2 2 2 2

PA 3 3 3 3 3 the improvement after iteration 5 falls below 5 x 10™-6.

E'é?) é ; é é é In Table 20, the final best H value has a standard deviation of only

SI 4 4 4 4 4 0.00035 and a coefficient of variation of 0.35%, and BES is selected as

and robust decision support for evaluating green wind energy park
investments.

4.5. Robustness, statistical superiority and sensitivity analysis

Fig. 3 and Table 20 report the convergence characteristics of the
ranking stage. Across 50 repeated runs, the mean best objective value
increases from 0.10122 at initialization to 0.10192 at iteration 10, while

0.10225 -

0.10200 4

0.10175 4

0.10150 -

0.10125 A

Mean best H value

0.10100 -

0.10075 4

10
Iteration

Fig. 3. Convergence behavior of the ranking stage over 50 repeated runs.
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the nearest-best alternative in 96% of the repeated runs. These results
indicate both practical convergence and strong run-to-run stability.

To evaluate statistical superiority under uncertainty, 200 perturba-
tion scenarios were generated by varying criteria weights by plus/minus
10% and perturbing expert-derived scores using a local linear sensitivity
approximation of the final H layer.

Fig. 4 and Table 21 show that the proposed model achieves the
highest mean Spearman rank-stability score (0.856), clearly above
TOPSIS (0.461), PROMETHEE II (0.280), and VIKOR (0.149). Wilcoxon
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Fig. 4. Distribution of stability scores across 200 perturbation scenarios.
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Table 21
Non-parametric statistical comparison against benchmark methods.

Method Mean Std. Friedman mean Wilcoxon p vs
stability rank proposed

Proposed 0.856 0.142 1.03 -

TOPSIS 0.461 0.345 228 1.54e-31

VIKOR 0.148 0.397  3.40 3.71e-34

PROMETHEE 0.280 0.370 3.29 6.08e-34

I

signed-rank tests against all three baselines are significant at p < 0.001,
and the Friedman test also indicates a significant overall difference (chi-
square = 407.63, p < 0.001), with the proposed model ranked first
(mean rank = 1.03) Table 22.

The ranking robustness of the proposed model is illustrated in Fig. 5
and Table 24. BES remains rank 1 in 90.0% of perturbation scenarios
and rank 2 in the remaining 10.0%. STCS is most frequently ranked
second, whereas RGD remains in the last position in 66.5% of the sce-
narios. In parallel, the weight-stability analysis in Table 25 shows that
SC remains the first-ranked criterion in 88.0% of perturbed runs and EC
remains second in 69.0% of runs, which supports the stability of the
weighting stage despite the single-expert design [63,35] Table 23.

Table 22 reports the eco-environmental indicators. Under the revised
assumptions (C = 75 million $, O&M = 1.875 million $/year, r = 8%, n
= 20 years, E_t = 153 GWh/year, EF_CO2 = 0.62 kg CO2/kWh, and
phi_CO2 =70 $/ton CO2), the annual avoided carbon-damage benefit is
6.64 million $, the eco-adjusted LCOE becomes 0.0188 $/kWh, and the
PBTM is 5.68 years. Hence, including avoided environmental damage
considerably strengthens the competitive position of the wind project in
the decision space Table 24.

The tornado charts in Figs. 6 and 7 and the numerical values in
Table 23 show that capital cost and annual energy output are the most
influential parameters. A plus/minus 20% change in capital cost shifts
eco-LCOE by up to 0.0100 $/kWh and PBTM by 1.14 years, whereas a
plus/minus 20% change in annual energy causes the largest movement
in both eco-LCOE (0.0155 $/kWh) and PBTM (0.64 years). The envi-
ronmental parameters EF_CO2 and phi_CO2 also have material effects
because they directly control the avoided carbon-damage benefit [38],
Nassar et al. [44].

5. Discussion

One of the renewable energy production methods is green wind en-
ergy parks. To increase the effectiveness of green wind energy park
projects, it is necessary to select lands with favorable wind potential
[15,23]. At the same time, the environmental impacts of these sites
should be taken into consideration, and the social cohesion of the facility
should be ensured by informing the people in the region where the fa-
cility is established about the project [17,62]. Demir et al. [20] stated
that wind speed is not the only criterion for determining the location of
wind farms. The study also emphasizes the importance of other factors

Table 22

Eco-environmental assumptions and resulting indicators.
Item Value
Installed capacity 50 MW

Capital cost, C

Annual O&M cost

Discount rate, r

Project life, n

Annual energy, E_t

Emission factor, EF_CO2

Social cost of carbon, phi_CO2
Avoided carbon-damage cost, C_CO2
Eco-adjusted LCOE

PBTM

75.00 million $
1.875 million $/year
8%

20 years

153 GWh/year

0.62 kg CO2/kWh
70 $/ton CO2

6.64 million $/year
0.0188 $/kWh

5.68 years
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Fig. 5. Rank-frequency heatmap of the proposed model under 200 perturba-
tion scenarios.

Table 23
One-factor sensitivity analysis of the eco-environmental indicators.
Parameter Low LCOE PBTM High LCOE PBTM
low low high high
Capital cost, C —20% 0.0088 4.55 +20% 0.0288 6.82
O&M cost —20% 0.0163 5.53 +20% 0.0212 5.85
Annual energy, —20% 0.0343 6.32 +20% 0.0084 5.16
E_t
Emission factor, —20% 0.0275 6.32 +20% 0.0101 5.16
EF_CO2
Social cost of —20% 0.0275 6.32 +20% 0.0101 5.16
carbon,
phi_CO2
Table 24
Rank-frequency distribution of alternatives under 200 perturbation scenarios.
Alternative Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
STCS 7.0% 49.5% 34.0% 7.5% 2.0%
PA 3.0% 35.0% 44.5% 15.5% 2.0%
BES 90.0% 10.0% 0.0% 0.0% 0.0%
RGD 0.0% 0.0% 6.0% 27.5% 66.5%
SI 0.0% 5.5% 15.5% 49.5% 29.5%

Annual energy, E_t

Capital cost, C

Social cost of carbon, phi_CO2

Emission factor, EF_CO2

O&M cost

0.000 0.002 0.004 0.006 0.008 0.010 0.012 0.014 0.016
Maximum absolute change in eco-LCOE ($/kWh)

Fig. 6. Tornado sensitivity of eco-adjusted LCOE.

such as bird migration routes, distance to urban areas and land use.
Similarly, Salih et al. [55] conducted a multi-criteria analysis using
various criteria, especially land cover and infrastructure, to select a
suitable location for a wind farm. In the study, it is stated that the im-
provements made in the wind farm layout increased energy efficiency
Table 25.

To strengthen the power system perspective of the proposed frame-
work, the implications of the identified strategy alternatives for grid
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Capital cost, C

Social cost of carbon, phi_CO2

Emission factor, EF_CO2

Annual energy, E_t
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0.2 0.4 0.6 0.8 1.0
Maximum absolute change in PBTM (years)
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Fig. 7. Tornado sensitivity of payback time money (PBTM).

Table 25

Stability of criterion weights under perturbed relation matrices.
Criterion Mean weight Std. P(rank 1) P(rank 2)
FF 0.244 0.007 1.5% 16.0%
OP 0.234 0.007 0.0% 3.0%
EC 0.254 0.007 10.5% 69.0%
SC 0.267 0.007 88.0% 12.0%

performance indicators can also be considered. For instance, the inte-
gration of balanced energy supply with energy storage integration may
significantly reduce wind power curtailment and improve grid flexibility
by storing excess electricity during low demand periods and supplying it
during peak demand conditions. Similarly, smart turbine control sys-
tems can contribute to frequency stability and grid support services by
adjusting turbine output according to real time grid conditions [3].
These improvements may lead to higher effective capacity factors,
reduced curtailment losses, and improved operational efficiency of the
wind energy park. In addition, the integration of storage technologies
may reduce reserve requirements and support grid code compliance by
providing ancillary services such as frequency regulation and voltage
support [27]. Therefore, the strategy rankings obtained in this study are
also consistent with key power system performance metrics that are
widely considered in electrical power system planning and operation.

The results obtained from the proposed decision-making framework
also provide several practical engineering implications for wind energy
park operation and planning. The identification of balanced energy
supply with energy storage integration as the most appropriate strategy
indicates the importance of incorporating storage systems to improve
operational flexibility and reduce curtailment losses. For a wind farm
with an installed capacity of 50 MW, integrating a battery energy stor-
age system with a capacity in the range of 10-15% of the installed ca-
pacity could significantly enhance the ability of the system to manage
power fluctuations and support grid stability. Similarly, the high ranking
of smart turbine control systems highlights the importance of advanced
control strategies such as pitch control optimization, real time power
output adjustment, and grid support functionalities. These technologies
can improve key operational indicators such as capacity factor, energy
yield, and frequency regulation capability. Therefore, the findings of this
study suggest that combining energy storage integration with advanced
turbine control technologies can substantially improve the overall effi-
ciency and grid compatibility of wind energy park projects.

Ecological compatibility is another significant criterion for maxi-
mizing the effectiveness of green wind energy park investments. Strong
ecological compatibility means that the planned facility is in harmony
with the environment. For example, the wind park planned to be
established in the terrestrial area should be structured in a way that does
not affect the migration route of birds [12]. Additionally, Sahin et al.
[49] emphasized that one of the important criteria in choosing a suitable
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location for wind farms is land cover and topographic features. How-
ever, Morant et al. [39] stated that safe areas that will protect biodi-
versity should be selected for the establishment of wind energy
production facilities. Danovaro et al. [18] defined that the location of
the wind farms should be determined in accordance with the Environ-
mental Impact Assessment (EIA) criteria. In the study, it was stated that
in the selection of the appropriate location for floating wind farms, the
geographical region that will not affect the habitats of marine species
should be selected. On the other side, Wang et al. [61] identified that
solutions should be developed to reduce the ecological impacts of
offshore wind farms on the sea. In addition, the impact of ecological
impacts on the food chain was also discussed in the study.

The eco-environmental and robustness layers refine the engineering
interpretation of the results. The carbon-damage benefit of 6.64 million
$/year materially reduces eco-LCOE, while the sensitivity analysis
shows that project bankability is most exposed to capital cost and annual
energy uncertainty. This means that BES and STCS are valuable not only
because they improve operational flexibility and grid support, but also
because they protect the project against yield volatility and therefore
stabilize both economic and environmental performance.

6. Conclusion

This study focuses on the performance of green wind energy park
investments by integrating dynamic expert evaluation, Q-learning,
molecular fuzzy BANEW, and MOPSO. Key findings emphasize the
importance of social compliance and ecological compliance as the most
critical performance indicators for the evaluation of wind energy pro-
jects. Moreover, the study also identified balanced energy supply
through energy storage integration and the implementation of smart
turbine control systems as the most effective strategies for optimizing
project efficiency. The proposed decision-making model offers practical
implications for policymakers and investors by prioritizing strategies.
Owing to this situation, long-term sustainability and effectiveness can be
obtained for these investments. The primary benefits of the suggested
model are considering the time-dependent changes of expert opinions
and introducing molecular fuzzy sets.

The specialist opinions utilized in the study may be limited to a
specific sectoral or geographical framework. This situation emerges as
one of the most important limitations of the study. In this context, the
participation of experts from different regions and sectors can be
increased in future studies. This situation allows the model to have a
wider application area. In addition to this condition, the developed
decision-making model focuses only on wind energy parks. In subse-
quent studies, the model can be adapted to other types of energy. For
example, it can be adapted and tested for different renewable energy
investments such as hydroelectric and solar energy. With the help of this
issue, the proposed model can help many more investors. Moreover, in
future studies, analyzes can be expanded depending on different sce-
narios. In this context, a possible global economic crisis, a new epidemic
disease or war between countries can be considered as different sce-
narios. This situation can test the variability of the obtained results ac-
cording to different conditions.

This study provides an integrated decision-making framework for
evaluating wind energy park investment strategies; however, several
limitations should be acknowledged. First, the empirical analysis is
based on a specific onshore wind energy project with a capacity of 50
MW, which may limit the generalizability of the findings to other wind
energy systems with different technical and geographical characteris-
tics. Second, the expert evaluations used in the analysis represent a
limited knowledge source and may not fully capture the diversity of
opinions that could emerge from a larger expert panel. In addition, the
proposed framework focuses primarily on strategic investment evalua-
tion rather than detailed electrical power system operation modeling.
Future research may extend the proposed framework by incorporating
multiple wind energy projects from different geographical regions,
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integrating larger expert datasets, and including additional power sys-
tem performance indicators such as reliability metrics, grid flexibility,
and energy storage operation strategies. Furthermore, future studies
may explore the integration of alternative optimization techniques and
stochastic modeling approaches to further improve the robustness and
applicability of renewable energy investment decision models. The
proposed framework demonstrates not only deterministic consistency
but also statistical robustness: the ranking stage converges rapidly, the
weighting stage remains stable under perturbed relation matrices, and
the proposed model statistically outperforms the selected baseline
MCDM methods under 200 uncertainty scenarios. At the same time, the
added limitation text makes clear that perturbation-based robustness is
not a substitute for new field evidence; future research should still
validate the framework with multiple experts, multiple wind projects,
and richer project-specific operational datasets.
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Comparison of the proposed study with existing literature on wind energy investment evaluation.

Study Application Area Methodology Dynamic Expert Uncertainty Modeling ~ Strategy Main Contribution
Evaluation Optimization
Ahmed et al. Renewable energy Multi-criteria decision No Conventional fuzzy No Evaluates renewable energy investment
[2] investment analysis making methods approaches factors
Agqila et al. [8] Wind energy project Decision support No Deterministic No Focuses on technical feasibility of wind
assessment models evaluation projects
Agila et al. Renewable energy MCDM techniques No Limited uncertainty No Identifies key criteria for renewable
(2025b) project planning representation investments
Saleem and Renewable energy Economic and No Deterministic models No Evaluates cost and feasibility aspects
Abas [50] planning technical analysis
Moésesdottir Energy justice and Policy and socio- No Qualitative No Examines socio-economic impacts of
[40] sustainability economic analysis assessment wind energy
This study Green wind energy Q-learning + MF- Yes Molecular fuzzy Yes Dynamic expert-based decision
park investments BANEW + MF-MOPSO modeling framework for identifying optimal
investment strategies
Table A2
Linguistic-to-molecular-fuzzy mapping.
Linguistic term Interpretation MEFN triplet
H High influence / high suitability (0.95, 0.05, 0.00)
M Medium influence / medium suitability (0.80, 0.15, 0.05)
S Small influence / low suitability (0.60, 0.30, 0.10)

Table A3
Finite-MDP specification of the Q-learning temporal balancing stage.
Element Definition
State, s(pk’ MF relation or decision matrix for period p at iteration k.

Action set, A {reward-adjust, penalty-adjust, keep} applied entry-wise.
- QE:HI) = Qpest)
Deterministic update through the Q-balancing equation and learning rate eta = 0.1.

Stop when max|Q*1) —Q® | < e = 0.02.

Reward, r;,k)

50 smaller discrepancy gives higher reward.

Transition
Terminal rule

15
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Table A4

Worked entropy example from the normalized relation matrix.
Criterion Non-zero normalized entries Conditional entropy,H; Divergence,In(4) —H; Weight
FF 0.378, 0.104, 0.100 0.833 0.553 0.244
OoP 0.378, 0.121, 0.102 0.856 0.530 0.234
EC 0.104, 0.121, 0.195 0.810 0.577 0.255
sC 0.100, 0.102, 0.195 0.782 0.604 0.267
Table A5

Explicit decision-variable and benchmark design for the ranking stage.

Component Explicit definition

Particle position

. 5
Constraint set x; € [0,1] and Zi:1Xi =1

Objective 1
Objective 2
Objective 3
Benchmark methods

Data availability

No data was used for the research described in the article.
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