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Abstract

Rapid energy planning in cities needs decision-support tools that can change based on
the supply of renewable resources and the needs of stakeholders. This paper intro-
duces an innovative adaptive decision-support framework that integrates Long Short-
Term Memory (LSTM)-based short-term renewable energy forecasting with an interval-
valued Pythagorean fuzzy Best-Worst Method–TOPSIS (IVPF-BWM–TOPSIS). This enables
forecast-driven and temporally adaptive prioritisation of urban energy technologies, as
opposed to static expert-based evaluation. Using criteria based on forecasted technical
feasibility and scalability, the five green energy options that are looked at are rooftop solar,
wind energy, smart grids, solar-integrated electric vehicle infrastructure, and battery energy
storage. The best score is for rooftop solar (RDC = 0.65), followed by solar-integrated EV
infrastructure (RDC = 0.566), and finally smart grids (RDC = 0.55). Wind energy gets the
lowest score because it will not be very useful in cities. Sensitivity analysis (±20% weight
change) and 15 scenario-based stress tests show that the framework is strong and does not
change the order of the ranks. The results show that the proposed mixed AI and fuzzy
method can be used to make plans for renewable energy in smart cities that are both based
on data and can be used by many people.

Keywords: MCDM; deep learning; renewable energy; Artificial Intelligence; smart cities

1. Introduction
Smart cities are cities that use information and communication technology to make

things work better, last longer, and be better for people who live there. The use of sus-
tainable energy systems is a key feature of smart cities. These systems are meant to meet
the energy needs of cities in an environmentally friendly way, which helps the long-term
health of the urban environment [1,2]. Every day, the demand for energy around the world
goes up. Traditional ways of making energy have a big effect on both the cost of running a
business and the environment. The world is getting better at technology, and it is easier
to find other sources of energy. This makes it easier to make clean, sustainable energy
while also dealing with important problems like climate change and population growth.
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Governments are seeing renewable energy (RE) sources as more and more attractive op-
tions because of the unstable political climate and rising oil prices. Because technology
has come so far and there are other sources of energy, it is now easier to make clean, sus-
tainable energy and deal with big problems like climate change and population growth.
Governments see renewable energy sources as more appealing options because of the
recent unstable political situation and rising oil prices [3,4]. Different renewable energies
will be exploited by smart cities, which include solar energy, wind power, hydropower,
and modern batteries, along with lower-energy-using buildings. Information technology
is frequently used to provide real-time monitoring and control of the various means of
producing and consuming energy. Sustainable energy systems will become increasingly
important as smart cities continue to be built. Due to rapid urbanization, demand for
clean, efficient sources of energy is increasing [5,6]. In this study, the factors affecting the
implementation of sustainable energy technologies in smart cities will be identified. One
of the key factors will be reducing greenhouse gas emissions. As cities are continuing to
be pressured to reduce their carbon footprint due to the growing climate crisis, there is a
need for cities to stop relying on fossil fuels and instead turn to renewable energy sources
such as solar, wind, and hydroelectric generation. In addition, by using clean energy
sources to reduce pollution, cities can provide residents with better health. Furthermore,
the transition to sustainable energy solutions may result in decreased energy costs for
cities. Now, renewable energy can be produced at prices similar to fossil fuel energy [7–9].
Undoubtedly, one of the major issues with utilizing sustainable smart city energy systems
is figuring out how to properly integrate them into an existing urban infrastructure. To
do so requires careful planning, coordination, and financial investment to adopt the new
technology and develop the necessary infrastructure to support it. Additionally, there are
many different types of user groups that will have varying degrees of priorities concerning
their concerns for using energy sustainably. While one group may prioritize the reduction
of greenhouse gas emissions as the primary focus, another group may not consider it a
high priority and may be more focused on how to reduce their cost of delivered energy. In
order to create a comprehensive and well-designed solution for sustainable energy Systems
in Smart Cities, it is essential that all user groups’ concerns are taken into account when
determining how to create the most sustainable energy system [10,11]. Changes in solar
irradiance and wind speed, which are both important factors that affect how well renewable
energy sources perform, are not often taken into account when making decisions under the
planning frameworks that are now in place. Multi-criteria decision-making, or MCDM, is a
method that has been used a lot in the field of energy planning to solve difficult problems.
To utilize this method, many different things must be considered, and they will all have
to agree with each other in a certain way. Most of the MCDM-based frameworks that are
available presently assume that the weights of the criteria are determined, hence they do
not use predictive analytics. Because of this, traditional methods cannot fully describe the
dynamic and data-driven character of the smart city energy systems that are now in place.
This is the situation because of how the systems work. Recent advancements in artificial
intelligence, especially deep learning models such as Long Short-Term Memory (LSTM)
networks, have enabled the development of strong skills for making short-term predictions
about renewable energy sources. These skills have been able to grow. Even though these
models are good at making predictions, they are usually employed on their own and not
with decision-support frameworks. This means that they do not have much of an effect on
strategic energy planning. Lastly, conventional analytical techniques seldom incorporate
predictive modelling, optimisation, and fuzzy methodologies for Multi-criteria decision
analysis (MCDA) within a single framework that effectively accounts for the complex
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nature of real-life decision-making contexts, where criteria can be subjective, uncertain,
and dynamic.

In this paper, a novel way of using deep learning to forecast demand for renewable
energy and further combining these forecasts with interval-valued Pythagorean fuzzy
multi-criteria decision-making methodologies is introduced. The approach differs from
those of previous authors who base their work on expert opinions. Instead, this method
adjusts based on estimated levels of solar irradiance and wind velocity, as well as taking
into consideration other relevant information such as technical feasibility and scalability.
This empirical approach based on data provides a greater degree of confidence, relevance,
and reliability in the area of renewable energy prioritisation as applied to smart cities.

The objectives of this study are:

• To integrate deep-learning-based forecasts of solar irradiance and wind speed within
the multi-criteria decision-making framework such that they can provide adaptability
to the environment in real-time.

• To develop a hybrid evaluation model that combines IVPF-BWM and IVPF-TOPSIS to
enhance accurate and dependable prioritisation of renewable energy alternatives.

• To test the adopted approach in a real-world smart city by assessing renewable energy
options using technology-based, environment-based, economy-based, society-based
and scalability-based factors.

• To assess the impact of forecast-driven adjustments on final rankings and offer recom-
mendations to policymakers, engineers, and planners for making informed decisions.

The paper is organized into 5 sections. The research context, motivation, and objectives
are introduced in Section 1. Section 2 offers a thorough examination of the current body
of literature on renewable energy evaluation methods, with a particular emphasis on the
significance of imprecise decision-making and artificial intelligence. Section 3 delineates
the hybrid methodology that has been proposed, which integrates interval-valued fuzzy
logic with deep learning-based forecasting to facilitate multi-criteria decision analysis.
The case study implementation is detailed in Section 4, which includes the evaluation of
energy alternatives, expert input, and data analysis. The paper is concluded in Section 5 by
providing a summary of the primary findings, implications for the planning of energy in
smart cities, and recommendations for future research.

Related Work

A lot of research has been done on how to rate and rank renewable energy solutions in
smart cities using multi-criteria decision-making (MCDM) methods. These approaches are
especially effective at solving complicated problems that involve a lot of conflicting factors,
like how they affect the environment, how much they cost, how feasible they are from a
technological point of view, and how socially acceptable they are.

The best–worst method (BWM) and the technique for order of preference by similarity
to ideal solution (TOPSIS) are two examples of classical multi-criteria decision-making
(MCDM) strategies that have been widely used in the field of energy planning because
they can consistently weigh and rank options [12,13]. TOPSIS assesses alternatives by
gauging their proximity to the positive and negative ideal solutions, determining the
optimal option as the one closest to the positive ideal solution (PIS) and furthest from the
negative ideal solution (NIS). Atanassov (1991) developed Pythagorean fuzzy sets (PFSs),
which improve the representation of uncertainty by broadening the scopes of membership
and non-membership [14,15]. This study employs PFSs to tackle expert uncertainty in the
evaluation of smart energy systems. In [16], the author used a Choquet integral and multi-
hesitant fuzzy language set to look at green energy sources in smart towns and see how
well they met demand. In [17], the authors used an approach that combined spherical fuzzy
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AHP and EDAS based on fuzzy c-means clustering to check how sustainable, resilient, and
livable European towns are. In [18], the author looked at a difficult energy decision-making
issue and suggested two methods, Fuzzy-Weighted Zero-Inconsistency (FWZIC) and
Multi-Attributive Border Approximation Area Comparison (MABAC), to test and compare
different sustainable energy systems. The author in [19] suggested the CRITIC-SWARA-
CODAS method with interval-valued picture fuzzy sets to look at the problem of sustainable
growth and how to use green energy. The authors of [20] used a method that combines fuzzy
reasoning and solutions based on nature to make building projects more energy-efficient.
A recent study concentrated on the examination of energy and urban mobility systems,
particularly investigating advanced fuzzy and multi-criteria decision-making (MCDM)
methodologies. The research was executed in the United States. In [21], the authors
showed that spherical fuzzy sets could help people make decisions about energy when
things are unclear or not exact. To evaluate potential energy storage technologies in Egypt,
a spherical fuzzy multi-criteria decision-making (MCDM) framework was developed.
Using the MCDM framework, the authors of [22] came up with a similar method for
evaluating micro-mobility services. The APPRESAL approach was able to show an increase
in service efficiency by carefully combining a number of different performance measures.
To improve uncertainty modeling, reference [23] suggested a framework for a multi-criteria
decision-making (MCDM) mechanism that is based on a Fermatean fuzzy Aczel–Alsina
framework. This made the modeling even more accurate. This framework is especially
useful when there is a lot of uncertainty because it lets you show expert evaluations in a
more flexible way. The study utilized interval-valued Pythagorean fuzzy sets (IVPFS) to
generate a representation of membership and non-membership degrees that was both more
comprehensive and more adaptable [24]. This was especially useful when things were not
clear and when it was hard to get information. IVPFS-based MCDM techniques have been
effectively employed across various domains, including resilience evaluation, supply chain
performance assessment, and renewable energy system analysis [25]. Recently, probabilistic
decision-making was used to find the best battery electric vehicle (BEV) out of ten options.
MEREC, CRITIC, and equal-weight algorithms looked at eleven research criteria before
choosing. The probabilistic BEV selection method always found the best BEV and made
rankings that were similar to those from PIV, TOPSIS, and SAW [26]. Recent studies have
combined text-mining and multi-criteria decision-making (MCDM) approaches to support
consumer-oriented battery electric vehicle (BEV) selection. In particular, an LDA-based
fine-grained sentiment analysis framework integrated with DEMATEL, DANP, and VIKOR
methods was used to evaluate BEV alternatives based on consumer concerns such as safety,
technology, performance, comfort, and cost, leading to consistent ranking and optimization
strategies for BEV adoption [27]. These studies show that MCDM may solve multi-criteria
and uncertain decision issues in sustainable energy and transportation planning, prompting
the usage of sophisticated fuzzy MCDM approaches in this study.

There remains a considerable research gap, notwithstanding the extensive literature on
fuzzy MCDM and AI-driven energy forecasting. Most of the frameworks that are currently
in use do not include short-term forecasting of renewable energy in fuzzy decision-making
models, and they also do not properly assess resilience in a range of policy-driven and
scenario-based situations. This gap is what led to the development of an adaptive, forecast-
driven decision-support system that combines AI-based prediction with interval-valued
fuzzy MCDM in the context of smart city energy planning.

2. Interval-Valued Pythagorean Fuzzy BWM & TOPSIS Methodology
Preliminaries on PFS as well as the stages of the proposed IVPF BWM and IVPF

TOPSIS approach are described in this part in a sequential order.
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2.1. IVPF-BWM for Criteria Weights

The interval-valued Pythagorean fuzzy best–worst method (IVPF-BWM) is used to
assess the relative significance weights of assessment criteria amongst ambiguity via expert
evaluations. The procedure includes the following stages:

Step 1: Selection of Best and Worst Criteria: Experts identify the most and least impor-
tant criterion, which are Cx, Cy, respectively. Comparisons are made using a predefined
linguistic scale, converted into IVPFNs.

Step 2: Best-to-Others Vector Construction: Each expert compares the best criterion Cx
to all other criteria Cj, forming the best-to-others IVPF preference vector:

∼
RX

k = (
∼

rX1
k,

∼
rX2

k,
∼

rX3
k, . . . . . . . . . . . . . . . .

∼
rXn

k) (1)

With: ∼
rXj

k= ([µLxj , µLxj ],
[
ϑLxj , ϑUxj

]
) (2)

Step 3: Others to worst vector construction

∼
Ry

k = (
∼

rY1
k,

∼
rY2

k,
∼

rY3
k, . . . . . . . . . . . . . . . .

∼
rYn

k) (3)

With: ∼
rYj

k= ([µLYj , µLYj ],
[
ϑLYj , ϑUYj

]
) (4)

Equations (1)–(4) define the best-to-others and others-to-worst comparison vectors
∼

RX
k and

∼
Ry

k as established by the kth decision maker, where
∼

rXj
k and

∼
rYj

k show the fuzzy
preferences of the best and j-th criterion compared to the worst and others. To make it
easier to model uncertainty in expert judgments using Pythagorean fuzzy numbers, the
symbols µ and ϑ show the degrees of membership and non-membership, respectively, and
L and U show their lower and upper limits.

Step 4, Optimal IVPF weights
∼

Wjk where j and k are obtained by reducing the
largest difference between subjective assessments and fuzzy weight ratios. The primary
limitations encompass:

Consistency between optimal-to-suboptimal and suboptimal-to-minimal evaluations
Conditions of membership and non-membership:(

µ2
U + ϑ2

U

)
≤ 1 (5)

Normalization and interval bounds:

0 ≤ µL ≤ µL ≤ 1, 0 ≤ ϑL ≤ ϑu ≤ 1 (6)

a minimum value that is subject to numerous consistency restrictions є for every j.
Step 5: Aggregation of Expert Weights: The fuzzy weights that are provided by a

number of different experts are compiled with the use of an IVPF generalized weighted
averaging (IVPF-GWA) operator, which guarantees that there is a collective agreement.

Step 6: Score Function and Normalization: The fuzzy weights
∼

Wcj that are provided
by several different experts are compiled with the use of an IVPF generalized weighted
averaging (IVPF-GWA) operator, which ensures that there is a collective agreement.

s(
∼

Wcj)= µ2 − ϑ2 (7)
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Wj =
(s(

∼
Wcj) + 1)/2

∑n
j=1 (s(

∼
Wcj) + 1)/2

(8)

The present paper describes the development of an innovative hybrid decision support
framework addressing the dynamism of sustainable energy assessment in smart cities via
the integration of artificial intelligence (AI) based time series prediction with complex
fuzzy multi criteria decision making (MCDM) methods. This framework represents the
combination of two distinct methodologies: the application of the long short term memory
(LSTM) model as a predictive tool for estimating the amount of available renewable energy
to be produced over time (solar, wind) by means of both historical and present day weather
data, and then interlinking these predicted renewable energy candidates into a structured
MCDM process utilizing the interval valued Pythagorean fuzzy best–worst method (IVPF-
BWM) and the interval valued Pythagorean fuzzy technique for order of preference by
similarity to ideal solution (IVPF-TOPSIS). The LSTM model provides predictions of solar
irradiance and wind velocity, and will be a significant asset in evaluating the applied
feasibility and potential for scale of renewable energy options. In addition, with the use of
artificial intelligence (AI)-enhanced outcomes, we will be able to create an adaptive, context
specific and data-driven process to develop the respective decision matrix that will guide
the implementation of renewable energy technologies in urban environments. The IVPF-
BWM component addresses uncertainty in expert preference through the representation of
subsets of belief and non-belief on an interval-valued Pythagorean fuzzy scale, as a result
representing a more precise representation of human judgment. The respective weights
will be used to rank alternatives using IVPF-TOPSIS and to calculate the relative proximity
of potential solutions to the optimal solution. This hybrid approach combining forecast-
informed modelling with fuzzy logic decision analysis leads to improved innovation and
resilience by enhancing the understanding of real-world variances in renewable energy
systems. This method is well suited for smart city planning, where a significant amount of
flexibility, precision and resilience are required to deal with uncertainty from environmental
conditions and to accommodate the complexities associated with multiple stakeholders in
a shared decision-making process [25].

2.2. IVPF TOPSIS

The interval-valued Pythagorean fuzzy TOPSIS (IVPF-TOPSIS) technique is an ad-
vanced multi-criteria decision-making methodology that uses interval-valued membership
and non-membership values to account for uncertainty and subjective expert judgments.
The detailed instructions are provided below.

Step 1: Create the IVPF Decision Matrix: Experts create an initial IVPF decision matrix,
which includes interval-valued membership degrees [µL, µU] and non-membership degrees
[vL, νU] for each criterion. This matrix enables the capturing of uncertainty throughout the
assessment process.

Step 2: Expected Fuzzy judgments: An expert’s optimism level is represented by
a coefficient λ ∈ [0, 1]. An optimistic expert (λ > 0.5) favors higher boundaries, while
a pessimistic expert (λ < 0.5) prefers lower bounds. It is presumed that the optimism
parameter λ remains constant at a value of λ = 0.5 for all experts on the subject. By doing so,
it is ensured that the evaluations of experts remain consistent with one another and that the
subjective variability is reduced to the greatest extent possible. The neutral setting, which is
a representation of a balanced expectation between optimistic and pessimistic evaluations,
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is commonly utilised in research on interval-valued fuzzy decision-making. This setting is
a representation of a balanced expectation. The expected values are computed as follows:

µk
ij = (1 − λk) ∗ µk

L,ij + λk ∗ µk
u,ij (9)

νk
ij = λk ∗ µk

L,ij + (1 − λk) ∗ µk
u,ij (10)

Equations (9) and (10) delineate the defuzzification of interval-valued membership
information supplied by the k-th expert for criteria j and alternatives. In this context,
µk

L,ij, µk
u,ij represent the lower and upper limits of the membership degree, respectively,

while λk∈ [0, 1] signifies the preference coefficient that indicates the expert’s risk disposition.
The numbers µk

ij and νk
ij indicate the adjusted degrees of membership and non-membership,

respectively, derived as weighted combinations of the interval boundaries.
Step 3: The Aggregated IVPF Decision Matrix: Expert views are gathered using

weighted geometric techniques. Expert weights (γk) show their relative credibility. To
compute aggregated IVPF values, use the following formula:

In Equation (11), the aggregated membership degree µ
agg
ij is determined by integrating

the membership values µk
ij of all experts, while considering their significance γk, thereby

ensuring consensus yet maintaining a degree of uncertainty. Equation (12) computes the
aggregated non-membership degree ν

agg
ij by applying weights to the individual expert

non-membership values Π
(

νk
ij

)γ

k

µ
agg
ij = sqrt

[
Π
(

1 −
(

µk
ij

)2
)γ

k

]
(11)

ν
agg
ij = Π

(
νk

ij

)γ

k
(12)

Step 4: Identify Ideal Solutions
The positive ideal solution (PPIS) and negative ideal solution (PNIS) are deter-

mined by the highest and lowest score values across all choices. The scoring function is
stated as follows:

Score
(∼

Ai

)
= µ2 − ν2 (13)

PPIS is made up of the highest score values, whilst PNIS has the lowest.
Equation (13) uses the score function to turn a fuzzy evaluation into a number. Higher

scores mean better options. The negative ideal solution (PNIS) gets the lowest score, and
the positive ideal solution (PPIS) gets the highest.

Step 5: Distance to Ideal Solutions: The distance between each option and the PPIS
and PNIS is determined using a weighted Euclidean-like distance metric. The equation is:

D+

(∼
Ai

)
=

(
1
2

)
∗ Σwj ∗

(∣∣∣µ2
ij − µ+2

j

∣∣∣+ ∣∣∣ν2
ij − ν+2

j

∣∣∣+ ∣∣∣π2
ij − π+2

j

∣∣∣) (14)

D−
(∼

Ai

)
=

(
1
2

)
∗ Σwj ∗

(∣∣∣µ2
ij − µ−2

j

∣∣∣+ ∣∣∣ν2
ij − ν−2

j

∣∣∣+ ∣∣∣π2
ij − π+2

j

∣∣∣) (15)

Equation (14) is used to find the weighted distance of each choice from the PPIS by
looking at the degrees of membership, non-membership, and hesitation. Furthermore,
Equation (15) gives each option’s PNIS deviation a weight.
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Step 6: Rank Alternatives with RDC: To calculate the relative degree of closeness
(RDC) for each option, use the following Equation (16), which looks at different options. A
higher RDC means a better choice.

RDCi =

D−
(

~
Ai

)
[

D−
(

~
Ai

)
+ D+

(
~
Ai

)] for i = 1, 2, 3 . . . . . . . . . .m (16)

Alternatives are listed in decreasing order of RDCi. Higher RDC values suggest that
alternatives are closer to the ideal and, therefore, more desirable [28,29].

2.3. Overview of the Evaluation Framework

By utilizing Method IVPF-BWM in conjunction with TOPSIS, researchers can make
better decisions when faced with uncertainty due to a lack of belief in one value or op-
tion. Method IVPF-BWM allows researchers to take into account both expert indecision
and variability regarding the weighting of multiple criteria, while TOPSIS provides an
effective way to rank the options based on their distance from an ideal option. The hybrid
combination of these two types of techniques offers the necessary degree of realism and
robustness needed to evaluate the complexities of developing energy systems. In addition,
the flowchart in Figure 1 demonstrates how expert judgment can be combined with AI’s
ability to predict renewable energy systems under conditions of uncertainty. The first
step is to determine which criteria are most important for assessing renewable energy
systems, including their environmental sustainability, their capital costs, and their technical
feasibility and scalability (i.e., whether they are able to be deployed at different scales etc.).
Second, the assessment framework is developed, and the relevant data are obtained. The
environmental and stakeholder assessments in this paper focus on the availability of renew-
able resources at specific sites. The solar irradiation data coordinates for India, 20.5937◦ N,
78.9629◦ E, were sourced from the Solcast database [30]. These solar irradiance and wind
speed data from Solcast are also used, as well as qualitative insights from subject matter ex-
perts obtained through structured questionnaires, to reflect local conditions and stakeholder
preferences. Third, using LSTM neural networks in conjunction with both wind speed and
solar irradiance, a short-term forecast of wind and solar supply will be generated, including
future variability in these resources. Furthermore, a short-term forecast will be employed
to adjust the technical feasibility (C4) and scalability (C6) of scores. A consistent and rising
resource availability trend will boost energy option ratings. This dynamic adjustment
adapts the model to real-world renewable energy performance swings. The interval-valued
Pythagorean fuzzy best-worst Method (IVPF-BWM) to weight each assessment criterion
is utilised. As experts choose the most and least significant criteria, fuzzy logic handles
human judgment’s ambiguity and subjectivity to provide consistent and balanced weights.
Further integrating expert assessments with LSTM-informed changes creates a hybrid
decision matrix. The model successfully handles data and assessment uncertainty by ex-
pressing each element in this matrix as an IVPFN. The final ranking algorithm employs
IVPF-TOPSIS on this matrix. Relative degree of closeness (RDC) scores are calculated by
identifying ideal and non-ideal solutions and comparing them to standards. The ratings
are used to evaluate energy choices, providing comprehensive, adaptable, and data-driven
prioritizing. Finally, deep learning and fuzzy multi-criteria decision-making build a robust
and context-aware decision-support tool. Its capacity to combine temporal projections and
expert expertise makes it ideal for smart city energy planning, where flexibility, accuracy,
and changeability are essential.
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Figure 1. Proposed interval-valued Pythagorean fuzzy best-worst and TOPSIS-based methodology.

The selection of the best and worst criteria by each expert (E1 to E5) is shown in
Tables 1 and 2, which is based on the multi-expert assessment framework. It is essential that
this first step be completed in order to successfully apply the interval-valued Pythagorean
fuzzy best-worst method (IVPF-BWM). In the predetermined set of criteria (C1 to C6),
the experts were asked to assess which criteria were the most important and which were
the least significant. According to the findings, there is a significant tendency toward C1
(Environmental Sustainability) and C4 (Technical Feasibility) as the best criterion, whilst
C2 (Initial Investment) and C5 (Social Acceptability) are often considered to be the least
essential criteria. The subjective character of the prioritizing of criteria based on individual
viewpoints and contextual knowledge is shown by the fact that there is a diversity in the
judgment of experts.

Table 1. Evaluation criteria for sustainable energy systems [25].

C. 8 Criteria Description

C1 Environmental Sustainability
Reduction of greenhouse gas emissions, ecological footprint, and adherence to
long-term sustainability objectives. Applicable to all renewable-
based alternatives.

C2 Initial Investment Infrastructure, technology procurement, and integration capital expenditures
(e.g., BESS, smart systems, EV chargers, PV panels).

C3 Operating Expenses Recurrent expenses for technical support, energy losses, component
degradation, labor, and maintenance.

C4 Technical Feasibility
Supply reliability, technology maturity, and integration with existing
infrastructure are anticipated. This can be dynamically modified based on the
predicted performance of solar and wind.

C5 Social Acceptability Change in behavior requirements (e.g., rooftop ownership, EV adoption),
policy support, and public acceptance, as well as cultural alignment.

C6 Scalability
Growth potential, replicability, and geographic/sectoral adaptability are
forecasted in accordance with anticipated trends in energy demand
and availability.
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Table 2. Best and worst criteria by five experts.

Expert Best Criterion Worst Criterion

E1 C1 C2
E2 C4 C3
E3 C6 C5
E4 C4 C2
E5 C1 C5

3. Implementation of IVPF Methodology
This section utilizes an integration of data-driven forecasting, fuzzy multi-criteria

decision-making, and scenario-based robustness analysis to rank renewable energy tech-
nologies in smart cities. Long short-term memory (LSTM) neural networks are employed
for the short-term prediction of solar irradiance and wind speed. These predicted values are
used in two different methods: the interval-valued Pythagorean fuzzy best–worst method
(IVPF-BWM) for weighting criteria and the interval-valued Pythagorean fuzzy TOPSIS
(IVPF-TOPSIS) for ranking options. Furthermore, sensitivity analysis and scenario-based
stress testing are performed to assess the stability and reliability of the derived rankings
under diverse decision-making conditions.

3.1. Problem Definition

This paper presents a case study that was conducted in India. In addition to having
a permanent population of over 18.6 million people, the territory also has a transient
population that exceeds 500,000 people daily. The region has a total area of 1483 km2. Solar
power, smart grid infrastructure, and urban storage systems are all areas that have the
potential to provide renewable energy for a metropolitan region that is on the verge of
quickly urbanising. Over 45,000 rooftop solar systems that generate more than 250 MW [31],
12 interstate wind power purchase agreements (PPAs) that provide nearly 1000 MW for
grid compliance, and pilot battery storage systems that enhance grid stability are inside the
city. More than 5.5 million smart meters are being installed, and over 4000 electric vehicle
charging stations, most of which are powered by solar energy, i.e., Solar photovoltaic (SPV)
systems, particularly rooftop SPV systems, are already in operation [31,32]. In accordance
with India’s non-fossil energy objective of 500 GW by the year 2030, the considered location
intends to develop its sustainable energy systems by implementing technologies that are
intelligent, integrated, and climate-resilient [33]. The decision-making challenge entails
picking the best appropriate energy choice from the following five options:

A1: Renewable energy systems mounted on top of existing roofs; having a SPV system
installed will typically refer to buildings.

A2: Renewable energy suppliers can sell wind-generated energy to municipalities
that lack sufficient wind-generated capacity due to participation from wind generators in
other areas of the country. This conceptual approach allows municipalities to conform to
renewable energy standards while simultaneously diversifying the energy supply they
have available locally without having to build their own wind generation facilities. This
concept will help facilitate de-carbonization of the grid through utilization of existing
transmission lines.

A3: This approach utilizes new technology such as smart meters, demand forecasting
algorithms, IoT-based monitoring systems, and automatic load balancing systems to create
what are called “Smart Grids” and the development of smart energy management systems
(“SEM”) that provide real-time visibility, increased energy efficiency, transition towards
Smart Energy Grids and the assurance of reliable grid services in urban areas.

A4: Solar Powered Electric Vehicle (EV) Charging Stations.
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This option uses solar energy to power up EV charging stations. The goal is to reduce
the pollution created by urban transportation systems and provide cleaner air in urban
areas. By using integrated EV infrastructure, electric vehicle charging stations (EVCS) can
assist in reaching sustainable mobility targets while enabling the rapid deployment of green
transportation technology.

A5: Urban Battery Energy Storage Systems (BESS)
Large-scale hydro storage is often unfeasible in urban areas because of limited space

availability. Instead, battery-based energy storage systems provide a versatile alternative
for storing surplus renewable energy, controlling peak demand, and ensuring grid stability.
BESS increases the resilience of urban energy networks and supplements intermittent
renewable sources such as solar and wind.

Each alternative is a strategic approach to a more robust and sustainable urban energy
infrastructure. Furthermore, these possibilities are evaluated using the IVPF-MCDM model,
which incorporates expert assessments and scenario-based criterion weighting to provide a
reliable ranking of alternatives.

3.2. Evaluation of Sustainable Energy Systems Using IVPF Methodology

The expert evaluations in Tables 1 and 2 show that there are different priorities when
analyzing sustainable energy systems. Environmental Sustainability (C1) and Technical
Feasibility (C4) were the most often ranked top criteria are C1 for its role in decreasing
emissions (E1, E3) and C4 for assuring dependable supply and integration, especially with
LSTM assistance (E2, E4).

Conversely, Initial Investment (C2) and Social Acceptability (C5) were often ranked
as the least significant. Experts rated C2 as less crucial owing to lower expenses and
increased financing (E2, E4), whereas C5 was seen as less variable due to strong public and
policy support (E3, E5). The IVPF-BWM requires a comprehensive and multi-dimensional
assessment of all variables in the energy planning process for smart cities. For E1, the
technical feasibility (C4) and scalability (C6) criteria require projections of solar irradiance
and wind speed; these are the variables most directly dependent on the future resource
availability and performance of the energy sources. In contrast, C4 and C6 are also the most
variable, and as such require continued data input to accurately reflect operational capacity
and expansion. By employing an LSTM-based forecasting algorithm within the IVPF-BWM
method, E1 can ensure that their scoring for both feasibility and scalability criteria are
based upon projected trends rather than only on the author’s assumptions. This allows for
greater precision and reliability of the evaluation and provides competent planners with
the tools to make more informed and proactive decisions relative to the deployment of
renewable energy in smart city infrastructure.

AI-based forecasting, specifically 30-day predictive modelling of solar irradiance (GHI)
and wind speed at 100 m [30], improves MCDM decision-making accuracy. These estimates
help evaluate C4 (Technical Feasibility) and C6 (Scalability), which are crucial for apprais-
ing renewable energy systems in smart cities. According to Figure 2a, solar irradiance
predictions would continue to steadily and uniformly increase. The GHI values for each of
the days are between 74 W/m2 (lowest) to 134 W/m2 (maximum daily output). For this
reason, SPV technologies are expected to perform well within acceptable environmental
conditions as long as this trend of consistently increasing GHI values continues. The 30-day
forecasting horizon helps with short-term urban energy planning and making decisions
like managing the grid, scheduling infrastructure, and planning for EV charging demand.
Shorter forecasts are more accurate and less uncertain than longer or randomly chosen
horizons. This makes them better for adaptive decision-support applications that need
quick and useful information. Therefore, the relative ranking of solar-powered alternatives
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(under C4) will also have greater fuzzy membership grade (µL, µU) in MCDM based upon
these two factors; i.e., consistent output reliability and ability to be easily incorporated
into the current energy infrastructure. The lack of rapid irradiance reductions improves
operating stability and technological maturity, which are crucial to technical feasibility.
Forecasted irradiance has major consequences for C6 (Scalability). As urban energy needs
rise, solar energy systems may be scaled across areas due to their regular and seasonal
availability. Solar-dominant options such as rooftop PV installations and solar-integrated
EV charging systems deserve higher IVPF ratings under C6. The capacity to duplicate
performance across regions, legislative support, and public acceptability strengthen their
long-term scalability. Conversely, the predicted wind speed is stable at 3.7–4.1 m/s with
just slight variations as shown in Figure 2b. In Figure 2, the blue curve shows the actual
values, and the red curve shows the predicted values. This consistency shows some op-
erational predictability, although the magnitude is below the recommended threshold,
usually >5 m/s, for effective utility-scale wind turbine operation. Wind energy options in
urban areas with modest wind profiles may be technically constrained in C4 (Technical
Feasibility). This evaluation shows lower fuzzy membership values and somewhat higher
non-membership scores (vL, νU) for wind-related options. Additionally, the low wind
prediction limits wind-based system expansion under C6 (Scalability). In low-wind zones,
wind systems may have geographical, regulatory, and performance limits, unlike solar
PV, which can be modularly expanded. To account for empirical limits, fuzzy weight
allocation for wind energy under scalability must be adjusted. Embedding LSTM-derived
forecasts into the fuzzy decision matrix makes the MCDM model data-responsive and
dynamically adaptive, allowing decision-makers to align alternative rankings with envi-
ronmental trends and performance indicators rather than theoretical or expert-assumed
values. For smart cities, this results in a more scientifically grounded, temporally necessary,
and context-aware assessment of sustainable energy technologies.

  
(a) (b) 

Figure 2. (a) Wind speed and (b) solar irradiance forecasting.

The hybrid LSTM-fuzzy MCDM framework is able to immediately adapt to fluctua-
tions in the supply of renewable energy and the needs of stakeholders because it allows
for the combination of short-term forecasting and fuzzy decision-making methodologies.
The system uses LSTM-based forecasts of solar irradiance and wind velocity to adjust the
technical feasibility and scalability requirements, as opposed to static MCDM procedures,
which are dependent on the judgments of specialists. The present condition of the resources
may be determined by doing a study of the rankings. For the purpose of capturing the pref-
erences of stakeholders, interval-valued Pythagorean fuzzy sets are used. Being an expert
comes with a certain amount of caution and doubt, and this makes it simpler to represent
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those feelings. In contrast, scenario-based dominance analysis is used for the purpose of
analysing changes to the objectives of planning and policy. The framework is strong and
adaptive as a result of the combination of these two features, which is especially valuable
for planning energy usage in cities that are constantly expanding. This decision-support
system that has been suggested is naturally scalable because of the modular structure that
it has. It is possible to include additional renewable energy sources, assessment criteria,
expert groups, and regulatory limitations without having to make any changes to the
fundamental IVPF-BWM–TOPSIS technique. It is possible to retrain the LSTM forecasting
models by making use of meteorological data that is particular to the city, but the fuzzy
decision-making structure stays the same. This makes it possible to apply the concept in a
simple manner to bigger metropolitan areas that include a variety of renewable portfolios
and regulatory frameworks.

4. Results and Discussion
This section describes and addresses the findings of the proposed IVPF-BWM-TOPSIS

framework, involving LSTM-based forecasting. First, expert judgments are transformed
into IVPF scores in order to provide consistent and optimal criteria weights, which are then
used to build the IVPF decision matrix for all renewable energy sources. Using these inputs,
the aggregated weighted scores and relative closeness coefficients are calculated to produce
the final ranking of choices for the urban energy scenario under consideration. Following
this, the subsequent subsection provides an interpretation of how the performance of every
decision is influenced by technical feasibility, scalability, and other sustainability factors.
Finally, the section determines whether or not the decisions are robust by conducting
scenario-wise and sensitivity assessments.

4.1. IVPF-Based Criteria Evaluation

Each of the five experts evaluated the “best-to-others” and “others-to-worst” compar-
isons, and the results are shown in Table 3, which contains the IVPF ratings. For the purpose
of providing a more nuanced representation of linguistic uncertainty in expert assessments,
these ratings are stated using interval-valued membership (µL, µU) and non-membership
(vL, vU) values. The scores that are obtained as a consequence of the IVPF scoring function
are a range that extends from −1 to 1 and are indicative of the relative intensity of different
preferences; it is a typical approximation for fuzzy multi-criteria decision-making (MCDM)
that converts interval-valued Pythagorean fuzzy numbers (IVPFNs) into a crisp scalar
value for ranking or subsequent mathematical processing. For instance, Expert 1 gave
criteria C5 a high score of 0.7588, which indicates that it is believed to be of high relevance
in comparison to the criterion that is considered to be the least important. These scores
will serve as the foundation for the subsequent phase, which will include the derivation of
consistent and optimal criterion weights.

Following that, Table 4 provides a summary of the calculated IVPF scores and the
normalised weights that correspond to each criterion, including the information supplied
by individual experts. In order to ensure logical coherence in the comparison assessments,
these weights are determined by using the IVPF-BWM model. This is accomplished by
reducing the inconsistency parameter (ε). The findings indicate that different experts
place different emphasis on different aspects. For example, Expert 2 assigned the greatest
weight, i.e., 0.2488, to C4 (Technical Feasibility), but Expert 1 assigned the highest weight of
0.2062 to C5 (Social Acceptability). There are a variety of expert viewpoints that have been
molded by their distinct areas of expertise and interpretations of sustainability goals, and
these variances reflect those differences
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Table 3. Best-to-ithers IVPF ratings by five experts.

Expert Criterion µL µU vL vU Score

E1 C1 0.5 0.5 0.5 0.5 0.0
E1 C2 0.55 0.7 0.3 0.45 0.5
E1 C3 0.7 0.85 0.1 0.25 1.2
E1 C4 0.6 0.75 0.2 0.35 0.8
E1 C5 0.8 0.95 0.05 0.15 1.55
E1 C6 0.7 0.85 0.1 0.25 1.2
E2 C1 0.1 0.25 0.7 0.85 −1.2
E2 C2 0.5 0.5 0.5 0.5 0.0
E2 C3 0.55 0.7 0.3 0.45 0.5
E2 C4 0.8 0.95 0.05 0.15 1.55
E2 C5 0.6 0.75 0.2 0.35 0.8
E2 C6 0.55 0.7 0.3 0.45 0.5
E3 C1 0.5 0.5 0.5 0.5 0.0
E3 C2 0.6 0.75 0.2 0.35 0.8
E3 C3 0.7 0.85 0.1 0.25 1.2
E3 C4 0.8 0.95 0.05 0.15 1.55
E3 C5 0.55 0.7 0.3 0.45 0.5
E3 C6 0.6 0.75 0.2 0.35 0.8
E4 C1 0.1 0.25 0.7 0.85 −1.2
E4 C2 0.5 0.5 0.5 0.5 0.0
E4 C3 0.6 0.75 0.2 0.35 0.8
E4 C4 0.7 0.85 0.1 0.25 1.2
E4 C5 0.55 0.7 0.3 0.45 0.5
E4 C6 0.6 0.75 0.2 0.35 0.8
E5 C1 0.6 0.75 0.2 0.35 0.8
E5 C2 0.55 0.7 0.3 0.45 0.5
E5 C3 0.7 0.85 0.1 0.25 1.2
E5 C4 0.8 0.95 0.05 0.15 1.55
E5 C5 0.5 0.5 0.5 0.5 0.0
E5 C6 0.5 0.5 0.5 0.5 0.0

Furthermore, Table 4 shows the normalized weights that were calculated for each
expert using the IVPF-BWM method. These weights show the local criteria weights that
have been worked out. The final ranking does not directly consider these local weights,
which are based on the views of certain experts. The interval-valued Pythagorean fuzzy
generalized weighted averaging (IVPF-GWA) operator is used to put together the local
weights from all of the experts in the next step. This is done so that the IVPF-TOPSIS
analysis can use the collective criterion weights. Table 5 presents expert-based assessments
of five different renewable energy sources, namely solar, wind, smart grid, solar integrated
EV, and BESS with regard to each of the six criteria. The fuzzy assessments of the experts
are captured in each evaluation, which is represented by interval-valued membership and
non-membership pairs. An example of this would be Expert 3′s rating of solar energy
(A1) under criteria C1 with an IVPF value of 〈[0.80, 0.95], [0.05, 0.15]〉, which indicates a
very high positive view. These interval-valued fuzzy assessments, when taken as a whole,
comprise the decision matrix for the IVPF-TOPSIS technique. This matrix will be used in
further analysis to rank the options according to the degree to which they are similar to the
ideal response.
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Table 4. IVPF scores and normalized weights.

Expert Criterion Score Normalized Weight

E1 C1 0.0 0.0
E1 C2 0.5 0.0952
E1 C3 1.2 0.2286
E1 C4 0.8 0.1524
E1 C5 1.55 0.2952
E1 C6 1.2 0.2286
E2 C1 −1.2 0.0
E2 C2 0.0 0.0
E2 C3 0.5 0.1493
E2 C4 1.55 0.4627
E2 C5 0.8 0.2388
E2 C6 0.5 0.1493
E3 C1 0.0 0.0
E3 C2 0.8 0.1649
E3 C3 1.2 0.2474
E3 C4 1.55 0.3196
E3 C5 0.5 0.1031
E3 C6 0.8 0.1649
E4 C1 −1.2 0.0
E4 C2 0.0 0.0
E4 C3 0.8 0.2424
E4 C4 1.2 0.3636
E4 C5 0.5 0.1515
E4 C6 0.8 0.2424
E5 C1 0.8 0.1975
E5 C2 0.5 0.1235
E5 C3 1.2 0.2963
E5 C4 1.55 0.3827
E5 C5 0.0 0.0
E5 C6 0.0 0.0

Table 5. Expert IVPF evaluations of alternatives.

Criterion Expert A1: Solar A2: Wind A3: Smart Grid A4: Solar-
Integrated EV A5: BESS

C1 E1 <[0.10, 0.25],
[0.70, 0.85]>

<[0.55, 0.70],
[0.30, 0.45]>

<[0.80, 0.95],
[0.05, 0.15]>

<[0.05, 0.15],
[0.80, 0.95]>

<[0.60, 0.75],
[0.20, 0.35]>

C1 E2 <[0.55, 0.70],
[0.30, 0.45]>

<[0.60, 0.75],
[0.20, 0.35]>

<[0.70, 0.85],
[0.10, 0.25]>

<[0.20, 0.35],
[0.60, 0.75]>

<[0.10, 0.25],
[0.70, 0.85]>

C1 E3 <[0.80, 0.95],
[0.05, 0.15]>

<[0.60, 0.75],
[0.20, 0.35]>

<[0.50, 0.50],
[0.50, 0.50]>

<[0.10, 0.25],
[0.70, 0.85]>

<[0.10, 0.25],
[0.70, 0.85]>

C1 E4 <[0.05, 0.15],
[0.80, 0.95]>

<[0.70, 0.85],
[0.10, 0.25]>

<[0.70, 0.85],
[0.10, 0.25]>

<[0.20, 0.35],
[0.60, 0.75]>

<[0.10, 0.25],
[0.70, 0.85]>

C1 E5 <[0.05, 0.15],
[0.80, 0.95]>

<[0.70, 0.85],
[0.10, 0.25]>

<[0.50, 0.50],
[0.50, 0.50]>

<[0.10, 0.25],
[0.70, 0.85]>

<[0.05, 0.15],
[0.80, 0.95]>

C2 E1 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C2 E2 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C2 E3 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>
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Table 5. Cont.

Criterion Expert A1: Solar A2: Wind A3: Smart Grid A4: Solar-
Integrated EV A5: BESS

C2 E4 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C2 E5 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C3 E1 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C3 E2 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C3 E3 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C3 E4 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C3 E5 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C4 E1 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C4 E2 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C4 E3 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C4 E4 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C4 E5 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C5 E1 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C5 E2 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C5 E3 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C5 E4 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C5 E5 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C6 E1 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C6 E2 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C6 E3 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C6 E4 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

C6 E5 <[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

<[0.50, 0.75],
[0.20, 0.40]>

According to the modified MCDM weights, A2: Wind Energy exhibited a snall increase
in wind speeds from LSTM projections, indicating its technical viability, i.e., C4, of 0.13 and
reasonable scalability, i.e., C6, of 0.116. Conversely, A1: Solar Energy, despite optimistic
irradiance projections, encountered deployment limitations, resulting in a C4 of 0.184 and
a C6 of 0.186. A4: The solar-integrated electric vehicle capitalized on favourable solar
projections and infrastructural synergy, achieving notable scores in C4, i.e., 0.16, and C6,
i.e., 0.176 represented in Table 6.
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Table 6. Aggregated weighted scores for alternatives.

Alternative C1 C2 C3 C4 C5 C6

A1: Solar 0.17 0.065 0.135 0.184 0.1305 0.186
A2: Wind 0.14 0.055 0.12 0.13 0.09 0.116
A3: Smart grid 0.15 0.06 0.132 0.176 0.1125 0.17
A4: Solar-integrated EV 0.16 0.07 0.1275 0.16 0.123 0.176
A5: BESS 0.156 0.05 0.1125 0.14 0.0975 0.152

The Smart Grid provided system-level flexibility with a C4 of 0.176 and a C6 of 0.170
(as shown in Item A3), while BESS (as shown in Item A5) improved system reliability with
a C4 of 0.14 and a C6 of 0.152, despite being unable to provide forecast driven capabilities.
The estimated distances from both PIS and NIS for all the alternatives can be seen in Table 7.
Based on TOPSIS analysis, Rooftop Solar (Item A1) was the best option based on the RDC
value of 0.65, due to its high level of technological feasibility, scalability, and compatibility
with the Delhi Solar Policy. Solar Integrated EV Infrastructure (Item A4), the second-best
option, had an RDC value of 0.567 due to the high adoption rates of electric vehicles in
the city as well as multiple initiatives for solar charging. Smart Grid Technologies (A3)
follow closely with an RDC of 0.55, supported by widespread smart meter deployment and
real-time energy management goals. Battery Energy Storage Systems (A5) rank fourth with
an RDC of 0.508 due to their potential for grid stability, albeit with high costs and limited
deployment. Virtual Wind Energy (A2) has the lowest RDC of 0.468, as shown in Figure 3.

Table 7. Final Alternative Ranking (RDC Method).

Alternative D+ D− RDC Rank

A1: Rooftop Solar 0.21 0.39 0.65 1
A4: Solar-integrated EV 0.26 0.34 0.567 2
A3: Smart Grid 0.27 0.33 0.55 3
A5: BESS 0.3 0.31 0.508 4
A2: Wind 0.33 0.29 0.468 5

Figure 3. Relative closeness coefficient (RDC) of alternatives.

LSTM helped assess future dependability, which influenced technical feasibility (C4)
and scalability (C6). IVPF-MCDM combines AI forecasts with expert judgments and
contextual constraints. Solar irradiance is stronger and more predictable than local wind
resources; therefore, rooftop solar ranks higher.

Figure 4 gives an overview and visual assessment of each alternative’s sensitivity to
alterations in the MCDM framework’s decision inputs. The positive and negative swings in
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RDC values demonstrate how much the ranking of each alternative is based on underlying
assumptions and expert opinions. Rooftop Solar (A1) has the broadest sensitivity range,
showing that it responds significantly to both increases and decreases in input values;
while this validates its excellent performance, it also demonstrates that uncertainty in the
criteria has a greater influence on its ultimate score. Solar-integrated EV (A4) and Smart
Grid (A3) have moderate sensitivity, implying steady but responsive behaviour under
input disturbances. In contrast, BESS (A5) and Wind (A2) have small sensitivity bands,
signifying higher stability and low variation in their priority even when assumptions
vary. Overall, the research shows that the ranking structure is still precise. It also shows
which alternatives need to be interpreted more carefully because they depend more on
input conditions.

 
Figure 4. Influence of positive and negative fluctuations on RDC scores for different alternatives.

4.2. Sensitivity Analysis

Sensitivity analysis is an essential feature of multi-criteria decision-making (MCDM)
as it provides insight into the effect of the change in the input assumptions of the MCDM
process, such as the weightings given to each criterion, on the final rankings of alternatives,
and also looks at how the changes influence the final rankings of the evaluated alternatives.
Since expert judgment is typically used to establish the weightings of the criteria, there can
be subjectivity or uncertainty in these weightings. Conducting a sensitivity analysis will as-
sist in determining whether small or reasonable changes in the weightings can significantly
affect the outcome of a decision. A sound model will provide consistent rankings for the
evaluated alternatives even when the weightings are changed in a reasonable range. There-
fore, conducting a sensitivity analysis increases confidence in the reliability and robustness
of the proposed decision-making framework, especially for complex energy planning issues
where decision-making parameters are rarely fixed or completely known. Figure 5 provides
the results of the sensitivity analysis regarding the variations in the closeness coefficients
for the five alternatives when the weight of each criterion is individually changed from
−20% to +20%. The graphs demonstrate that while fluctuations in closeness coefficients do
occur for some alternatives when changes in the weightings of the criteria are made, the
overall rankings of alternatives remain consistent across all criteria. Solar (A1) continues to
demonstrate the highest closeness coefficient, followed by Smart Grid (A3), Solar EV (A4),
BESS (A5), and Wind (A2). The technological criterion (C4) exhibits a comparatively greater
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influence, particularly on Smart Grid and Solar EV alternatives, underscoring its significant
significance in determining the conclusion. Nevertheless, none of the differences in criteria
resulted in rank reversal, affirming that the model exhibits considerable stability and is not
excessively responsive to moderate alterations in expert-assigned weights. This indicates
that the suggested decision model provides dependable and uniform outcomes, rendering
it appropriate for facilitating sustainable energy system planning amidst uncertainty. The
framework for scenario-based stress testing was systematically developed by adjusting
the relative significance of decision criteria to simulate both extreme and policy-driven
planning scenarios. One criterion was given a dominant weight at a time to create the
single-criterion dominance scenarios (S1–S6). These scenarios illustrate decision-making
contexts predominantly influenced by environmental, economic, technical, social, or scala-
bility factors. In addition, pairwise-criterion dominance scenarios (S7–S15) were developed
by jointly putting an emphasis on two related criteria in order to model realistic urban
energy planning trade-offs. To keep the analysis clear and avoid unnecessary repetition in
scenario analysis, 15 situations were looked at. This set of scenarios covers a wide range of
both extreme and realistic decision-making situations.

 
Figure 5. Sensitivity of alternative ranks to a ± 20% fluctuation in criteria weights.

Furthermore, Figure 6 shows IVPF-BWM–TOPSIS framework robustness under 15 sys-
tematically constructed stress scenarios (S1–S15). The fifteen stress scenarios evaluate how
the importance changes effect energy alternative rankings. Scenarios S1 to S6 use single-
criterion dominance to test the model when one factor drives the decision: environmental
impact (C1), cost (C2), sustainability (C3), technical feasibility (C4), social acceptability (C5),
and scalability (C6). Scenarios S7 to S15 use pairwise dominance to reflect realistic planning
demands, such as Environment with Cost in S7, Environment with Technical Feasibility in
S8, Cost with Technical Feasibility in S10, and Technical Feasibility with Scalability in S12.
Rankings across all fifteen scenarios show how stable and reliable the decision model is
under various policy preferences and expert-driven weighting conditions. Rooftop Solar
(A1) consistently ranks first in all scenarios, demonstrating its resistance to changes in
decision-making. Solar-EV Charging (A4) and Smart Grids (A3) show moderate sensitivity,
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altering somewhat when cost, sustainability, or technical feasibility matters. The lower
ranks of Wind Energy (A2) and BESS (A5) indicate stable but inferior performance. Low
ranking variation shows that the hybrid IVPF-BWM–TOPSIS technique is robust, reliable,
and can make consistent conclusions even when criteria weights change, making it suitable
for smart-city renewable-energy planning.

Figure 6. Scenario-based sensitivity analysis illustrating the rank fluctuations of alternatives across
various stress scenarios.

The IVPF-BWM–TOPSIS decision-making framework’s robustness and stability are
assessed in Figures 5 and 6. Figure 5 shows how ranks change when criterion weights
are adjusted from −20% to +20%, reflecting tiny but significant expert judgment changes.
Even when criteria weights change from baseline, the closeness coefficient trends for all
alternatives show only slight variations and no rank reversals, proving that the model
is stable. Figure 6 analyses fifteen carefully developed stress situations (S1–S15) with
single- and pairwise-criterion dominance. These scenarios imitate extreme or policy-driven
conditions like prioritizing environmental effects or technical feasibility and scalability.
Rooftop Solar (A1) regularly ranks first, however Smart Grid (A3) and Solar-EV Charging
(A4) show moderate but predictable changes, and Wind (A2) and BESS (A5) remain lower.
The results show that the hybrid IVPF-BWM–TOPSIS model is not affected by assumptions,
which makes it reliable for real-world energy planning where priorities may change be-
tween stakeholders, contexts, and policy goals. The results show that the rank does not
change when the weight of the criterion changes by ±20% or when there are more than
15 dominating scenarios with small changes to the inputs used for predicting. Interval-
valued Pythagorean fuzzy sets are used to help with the uncertainty that comes with
making predictions. Even though estimates of solar and wind power can change, this use
makes sure that the rankings will stay the same and reliable.

5. Conclusions
This manuscript creates a dynamic decision support system (DSS) that prioritizes

renewable energy in smart cities using LSTM-based environmental forecasts and IVPF-
BWM and IVPF-TOPSIS models. The approach uses 30-day solar irradiance and wind
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speed projections to accurately represent real-world uncertainty while assessing technology
solution’s viability and scalability. The rooftop SPV system installed is best (RDC = 0.65),
according to case study data. Rooftop solar’s efficient utilisation of plentiful urban solar
resources and great integration with smart grids and solar-integrated electric car charging
facilities explain this. Wind energy ranks last in urban wind velocities owing to poor
projections. This robustness research verifies the framework’s stability, since no rank
reversal occurs under weight adjustments of ±20% or across various policy scenarios
based on gathered data. MCDM-based energy planning is improved by incorporating
deep learning predictions into an interval-valued Pythagorean fuzzy framework. This
aids flexible, ambiguous decision-making. The framework gives urban planners and
energy authorities a data-driven tool to make sustainable energy investment choices,
improve urban energy resilience, and support carbon reduction goals. Future projects will
include probabilistic forecasting, real-time IoT data, sophisticated AI models, and policy
simulation modules on the platform. Scalability and accuracy of emerging urban energy
systems will improve.
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