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Abstract: This research aims to analyze the efficiency of triangular and trapezoidal membership functions in forecasting
CO;, N0, and CHy emissions in Indian smart cities. Over 10-years, emissions data for these gases were collected
and used to determine membership values for both functions. The study evaluated the performance of the membership
functions using Root Mean Square Error (RMSE) values and percentage error analysis. The results indicated that the
trapezoidal membership function provided more accurate results for CO, and CHs emissions, while the triangular
membership function was more accurate for NoO emissions. These findings highlight the importance of selecting
appropriate membership functions tailored to specific gases to enhance emission forecast accuracy. The study emphasizes
the significance of such insights for decision-makers, urban planners, and environmental agencies involved in emissions
reduction measures and smart city development. However, further research is recommended to validate these findings and
explore additional factors that may influence the performance of membership functions in emission prediction in smart
cities. In conclusion, this project offers a comprehensive analysis of triangular and trapezoidal membership functions’
accuracy in predicting emissions in Indian smart cities, emphasizing the crucial factors.
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1. Introduction
1.1 Climate change and its reason

Climate change has emerged as one of the most pressing global challenges of our time. It poses significant threats
to ecosystems, human health, economics, and social well-being. The primary driver of climate change is the excessive
accumulation of greenhouse gases (GHGs) in the Earth’s atmosphere [1, 2]. These gases, which include carbon dioxide
CO;, Methane CHy, Nitrous oxide N,O, and various industrial gases, act like a blanket, trapping heat and causing the
planet to warm up [3]. In this introduction, The reasons behind greenhouse gas emissions and delve into the consequences
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they have on our climate system. Greenhouse gases are essential for Earth’s habitability, but human activities like
deforestation, industry, fossil fuel combustion, and agriculture have elevated their levels. Carbon dioxide, mainly from
burning coal, natural gas, and oil, is the primary contributor, responsible for about 75% of the warming effect [4]. Methane
and nitrous oxide are potent greenhouse gases, emitted from various sources including fossil fuel operations, agriculture,
and industrial activities, contributing to global warming. The use of fossil fuels in transportation and industrial operations
is a major contributor to greenhouse gas emissions. CO; is released during the extraction, refining, and combustion
of coal, oil, and natural gas. The transportation sector is heavily reliant on fossil fuels, and the industrial sector emits
significant CO; during the production of cement, steel, and other materials. These emissions have steadily increased
over the past century, resulting in a significant rise in atmospheric CO, levels [5]. Deforestation releases stored carbon
and contributes to climate change emissions and worsens the greenhouse effect, reduces Earth’s CO, absorption capacity,
harms biodiversity, disrupts ecosystems, and threatens livelihoods [6, 7]. Agriculture is a significant source of both CO»
and non-CO, greenhouse gases, with methane and nitrous oxide emissions contributing one-third of total anthropogenic
GHG emissions. Methane arises from enteric fermentation, animal waste management, and rice production, while nitrous
oxide primarily comes from synthetic fertilizers, animal manure, and agricultural residue combustion. These emissions not
only impact climate change but also degrade air and water quality. Industrial activities, including cement manufacturing,
chemical production, and metal fabrication, emit various greenhouse gases. The cement sector is a major contributor
to CO, emissions due to the release of CO, during limestone calcination. Chemical manufacturing produces industrial
gases like hydrofluorocarbons (HFCs), perfluorocarbons (PFCs), and sulfur hexafluoride (SF6), which have high global
warming potentials. Although emitted in smaller quantities than CO,, their warming effects can be hundreds of times
stronger.

1.2 Real time effects

The primary greenhouse gases (GHGs) responsible for climate change are carbon dioxide (CO;), methane (CHy),
and nitrous oxide (N,O). These gases are significant greenhouse gas contributors, trapping heat in the Earth’s atmosphere
and contributing to global warming. This section will investigate the causes and consequences of CO;, N,O, and CHy
emissions, as well as their contributions to climate change. Carbon dioxide (CO,) is the most prevalent and well-known
greenhouse gas. It is mostly emitted when fossil fuels such as coal, oil, and natural gas are utilized to generate energy,
transport people, and conduct industrial operations. The flaming of these fossil fuels emits massive volumes of CO; into
the atmosphere, which accumulates over time. Deforestation and changes in land use can contribute to CO, emissions
because trees operate as carbon sinks, absorbing CO, through photosynthesis. When forests are removed, the carbon
that has been stored in them is released back into the atmosphere [8]. The fundamental cause of anthropogenic climate
change is an increase in atmospheric CO; levels, which accounts for around three-quarters of the warming impact. Itis a
long-lasting gas that may be present in the atmosphere for millennia, and its concentration is rising at an alarming rate.

Methane (CHg) is the second most important greenhouse gas in terms of warming potential. It is produced,
transported, and used in the production, transportation, and consumption of coal, oil, and natural gas. CHy is also released
by agricultural operations such as enteric fermentation in ruminant animals (cattle, sheep, and goats) and livestock waste
management. Furthermore, CHy is produced during the breakdown of organic waste in landfills, as well as during the
production and transport of coal, oil, and gas. Although methane has a shorter lifetime in the atmosphere than CO,
Methane (CHy4) is the second most potent greenhouse gas in terms of warming potential. It is more effective at trapping
heat, making it a strong greenhouse gas. CHy has around 28-36 times the warming potential of CO, over a 100-year
timescale. The concentration of methane in the atmosphere has been gradually increasing, and its important impact on
climate change cannot be overlooked. significant greenhouse gas emissions.

Nitrous oxide (N,O) is predominantly produced by agricultural and industrial processes. N,O is released in
agriculture as a result of the management of livestock waste, the growing of rice, and mostly the use of synthetic fertilizers.
The flaming of fossil fuels, biomass, and also Nitrous oxide emissions are produced by solid waste. N,O emissions are
also produced by industrial activities such as the manufacture of chemicals and the combustion of fossil fuels. Nitrous
oxide is also one of the long-lasting greenhouse gas, with an estimated lifetime of 114 years. Over a 100-year period,
it has a warming potential that is approximately 265-298 times that of CO, [9]. While N,O contributes less to overall
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greenhouse gas emissions than CO; and CHy, its potency as a greenhouse gas makes it a major contribution to climate
change.

The consequences of these greenhouse gas emissions, particularly CO,, CHy, and N,O, are far-reaching. Rising
CO; levels contribute to the warming of the Earth’s surface, leading to a range of impacts such as sea-level rise, melting
polar ice caps and glaciers, and rising global temperatures. These changes disrupt ecosystems, endanger wildlife, and
pose risks to human populations, particularly those in vulnerable coastal areas. Methane emissions not only contribute
to global warming but additionally, they contribute to the development of ground-level ozone, a dangerous air pollutant.
This can have adverse effects on human health, leading to respiratory problems and exacerbating existing conditions such
as asthma.

Furthermore, agricultural methane emissions can have both environmental and economic effects. Methane generated
by enteric fermentation and animal waste management contributes to the agriculture sector’s overall greenhouse gas
footprint. Methane emissions not only cause climate change but also constitute a waste of precious energy [10].
Technologies for methane capture and use can assist reduce emissions while also offering a renewable energy source.

Emissions of nitrous oxide contribute to both climate change and air pollution. In addition to its high warming
potential, N,O contributes significantly to ozone layer depletion. Increased nitrous oxide levels in the atmosphere lead to
the breakdown of 0zone molecules, resulting in ozone layer depletion and an increased risk of harmful ultraviolet (UV)
radiation reaching the Earth’s surface. High quantities of this kind of radiation can be harmful to human health, including
an increased risk of skin cancer and eye impairment. Furthermore, nitrous oxide emissions can cause eutrophication of
bodies of water, altering aquatic ecosystems and depleting oxygen in aquatic environments.

To address the issues posed by these greenhouse gases, comprehensive policies, and worldwide collaboration are
required. Transitioning to cleaner and more sustainable energy sources, improving energy efficiency, and encouraging
the use of renewable technology are all part of efforts to minimize carbon dioxide emissions. Forest conservation and
replanting programs must be promoted in order to reduce CO, emissions by protecting carbon sinks [11]. Furthermore,
sustainable land management practices and reduced deforestation are critical for limiting CO; emissions from land-use
changes.

Improving agricultural practices, such as developing more efficient livestock farming methods, implementing better
waste management systems, and increasing the use of renewable energy for waste treatment, can all assist to minimize
methane emissions. Methane leaks from oil and gas infrastructure, as well as the management of methane emissions
from coal mining, may both significantly contribute to methane mitigation initiatives [12]. Adopting more sustainable
agricultural practices, such as optimizing fertilizer usage, using precision agriculture techniques, and encouraging the use
of alternate nitrogen sources, is required to reduce nitrous oxide emissions. Efficient manure management systems and the
use of anaerobic digestion technology can aid in the absorption of methane emissions from livestock operations, lowering
both CH4 and N, O emissions.

Furthermore, international treaties such as the Paris Agreement are critical in developing global collaboration and
commitment to lowering greenhouse gas emissions. Countries may work together to mitigate the effects of CO,, CHy, and
N, O emissions by implementing mitigation policies, developing and deploying clean technology, and supporting climate
adaptation activities.

In conclusion, the principal contributors to greenhouse gas-induced climate change are methane, nitrous oxide, and
carbon dioxide emissions. Various gases that are released as a result of numerous human activities have far-reaching
repercussions for our world. Understanding the causes and consequences of these emissions allows us to devise effective
methods to reduce their effects, move to more sustainable practices, and protect our planet’s future [13]. Addressing
greenhouse gas emissions is a global duty that will necessitate joint efforts in order to create a more sustainable and
resilient future.

1.3 Introduction on forthcoming analysis

In this work, the goal is to evaluate the efficacy of various membership functions, notably triangular and trapezoidal,
in modeling and forecasting CO,, N,O, and CH,4 emissions in chosen smart cities in India. The study attempts to evaluate
the accuracy and usefulness of these membership functions in capturing the patterns and trends of GHG emissions over
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a ten-year period by analyzing emissions data. To do this, data on CO;, N»O, and CHy4 emissions will be gathered and
analyzed for the smart cities chosen. The membership values for each emission type will be evaluated using triangular
and trapezoidal membership functions. To test the correctness of the membership functions in capturing real emissions
data, the Root Mean Square Error (RMSE) will be computed. The study is to identify whether the membership function
works better in expressing emissions data by comparing RMSE values and analyzing percentage errors. This assessment
will shed light on the feasibility and efficacy of various membership functions in modeling GHG emissions in smart
cities. The outcomes of this study will help policymakers, urban planners, and academics aiming to achieve sustainability
goals in smart city programs better understand the efficacy of membership functions in modeling GHG emissions [14].
The findings will contribute to the creation of effective methods to reduce emissions and promote sustainable urban
development in the context of India’s smart cities.

2. Materials and methods
2.1 Fuzzy logic and fuzzy sets

Fuzzy logic is a mathematical framework for dealing with uncertainty and imprecision in thinking and decision-
making. It employs fuzzy sets and fuzzy numbers to deal with ambiguous or hazy information. In this part, look into
fuzzy logic, fuzzy numbers, and fuzzy sets, as well as present examples of how they might be used in practice. It is
a Boolean logic extension that allows for degrees of truth between true and false. In contrast to classical binary logic,
which functions in an all-or-nothing fashion, fuzzy logic introduces the idea of partial truth. It recognizes that the veracity
of a statement might range from entirely true to absolutely untrue [15, 16]. To deal with imprecise information, fuzzy
logic utilizes fuzzy rules, fuzzy sets, and linguistic variables. Linguistic variables represent input and output values
using linguistic words (such as “high”, “medium”, or “low”) that mirror human perceptions and natural language. Fuzzy
sets indicate an element’s progressive membership in a set, allowing for degrees of membership rather than strict binary
classification.

Fuzzy numbers are a type of real number that allows for some degree of ambiguity or imprecision in its values. A
fuzzy integer’s degree of membership throughout its range is specified by the membership function. To indicate varying
degrees of confidence or ambiguity, the membership function might assume various forms, such as triangular, trapezoidal,
or Gaussian. When dealing with data that is intrinsically ambiguous or subjective, fuzzy numbers come in handy. Offer
a mathematical framework for gathering and manipulating imprecise data, allowing for more realistic modeling and
decision-making in uncertain contexts [17]. Fuzzy sets are the foundation of fuzzy to express and handle imprecise
or uncertain notions. Unlike crisp sets in classical set theory, which have either true or false membership, fuzzy sets have
membership degrees ranging from 0 to 1. A membership function defines fuzzy sets by assigning a membership degree
to each element in the set [18]. The membership function can have several shapes depending on the nature of the set and
the underlying concept being represented, such as triangular, trapezoidal, or sigmoidal [19].

2.2 Fuzzy membership function

A membership function is a mathematical representation that gives each element in a fuzzy set a degree of
membership. It specifies how much a specific member belongs to a given set, allowing it to describe fuzzy or unclear
notions. Membership functions are important in fuzzy logic systems because identify the extent to which an element meets
a specific criterion or feature [20]. Depending on the nature of the fuzzy set and the individual application, membership
functions can assume various forms such as triangular, trapezoidal, Gaussian, or sigmoidal. These functions convert
input values to membership degrees, which are commonly represented by integers ranging from 0 to 1. A membership
value of 1 denotes complete membership, whereas several 0 indicates no membership. Membership functions to depict
the gradual transition between different degrees of membership inside a fuzzy collection. To describe and reason about
real-world occurrences in a more nuanced and realistic manner by providing a flexible technique to handle uncertain or
imprecise notions. Membership functions can be tailored to the unique issue area and the available knowledge about the
notion being represented in practice. Depending on the nature of the fuzzy set and the individual application, other shapes
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such as triangular, trapezoidal, or Gaussian might be utilized. Each membership function has its form and mathematical
representation in fuzzy logic systems, which may be customized depending on unique applications and requirements.

2.3 Singleton membership function

A singleton membership function is one in which the membership value is either 0 or 1, suggesting a crisp
membership. In other words, the element either fully or does not belong to the fuzzy set (membership value of 1).
When dealing with crisp or exact values rather than imprecise or ambiguous values, singleton membership functions
are employed [21]. A singleton membership function is represented from Figure 1 graphically by a vertical line segment
extending from the x-axis to a membership value of 1. The x-axis location of the line corresponds to the specific value for
which membership is determined.

) 1, ifx=a 0
Halx) = .
A 0, otherwise

1
I
1
I
I
1
I
1
L X
a

Figure 1. Singleton membership function

2.4 Triangular membership function

In fuzzy logic, the triangle membership function is a typical form for representing fuzzy sets. It is characterized by a
triangular shape, defined by three parameters: the left boundary, the peak or center, and the right boundary. The triangular
membership function allows for a gradual transition of membership values from 0 to 1 and then back to 0 [22] .

Figure 2 illustrates the triangle membership function, which has the following formula:

0, if x<a
Z_ 4 ifa<x<b
.utriangular(x) =3 c :,‘? ) 2
, ifb<x<c
c—b
0, otherwise

Formula to evaluate the Triangular Membership Function :

. X—a Cc—X
.urtriangular(x) = max (0’ min <b — a’ C— b)) (3)
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where,

1.

2_ a) : computes the degree of membership x for the triangle’s increasing slope on the left.
—da
c—

|
(-

2. ) : computes the degree of membership x for the triangle’s right decreasing slope.
3. min(...): returns the number that is the smallest of the two determined membership degrees.
4. max(0, min(...): selects the maximum value between 0 and the smaller ratios.

HX) |-mmmemmeeeess

\4

a x b c

Figure 2. Triangular membership function

2.5 Trapezoidal membership function

Another shape widely used in fuzzy logic to describe fuzzy sets is the trapezoidal membership function. It has a
trapezoidal shape that is specified by four parameters: left shoulder, left boundary, right boundary, and right shoulder.
The trapezoidal membership function enables a steady movement of membership values from 0 to 1 and back to 0.

Figure 3 illustrates the trapezoidal membership function, which has the following formula:

0, if x<a
Y8 ifa<x<b
b—a
.uTrapezoidal(x> - 17 if b<x<c (4)
d—
dﬁj, if c<x<d
0, if x>d

When creating fuzzy sets, the trapezoidal membership function provides greater flexibility than the triangle
membership function. It may depict a wider range of membership distributions and is especially effective when dealing
with slow transitions or ambiguous borders. The trapezoidal membership function formula is as follows:

. (x—a d—x
HTrapezoidal (x) = max (0’ min <ba7 L, dC)) ©

where,
1. x: input value.
2. a, b, c and d: parameters defining the trapezoidal shape.
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: evaluates the distance between the input value x and the left shoulder a.

: evaluates the length of the left base.

: evaluates the separation between the input value x and the right shoulder d.
d — ¢): evaluates the length of the right base.

~ e~~~
)
|
=

3
4
5.
6.
. .. . . xX—a d—x
7. The min function is used to determine the smallest ratio among the three: ——, 1, and ——.
—a
8

—c
. The max function is then applied to ensure that the membership value remains within the range of 0 to 1, selecting
the maximum value between 0 and the smallest ratio.

Figure 3. Trapezoidal membership function

2.6 Root mean square error

Root Mean Square Error (RMSE) is a well-known statistic for evaluating prediction model accuracy and performance,
especially in statistics and machine learning. It computes the average magnitude of the discrepancies between expected and
observed values [23-25]. RMSE is determined mathematically by evaluating the square root of the squared discrepancy
between expected and actual values in a dataset of size n.

The formula for RMSE is as follows:

RMSE = (vi —3i)? (6)

-

S| =
[

In this formula:

1. n represents the number of data points.
2. y; speak for the actual values.

3. J; represents estimated values.

3. Results and discussion

The findings of our investigation comparing the performance of triangular and trapezoidal membership functions for
assessing CO,, N>O, and CH4 emissions in ten selected smart cities in India are presented and discussed in this section.
To know the membership functions best in terms of minimizing the Root Mean Square Error (RMSE), which might help
with smart city planning and environmental management. Estimated membership values using triangular and trapezoidal
membership functions on this data. As an assessment statistic, the RMSE was utilized to demonstrate the difference
between the estimated membership values and the actual emission data. To determine a better strategy for emissions
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modeling in smart cities by comparing the RMSE values derived from each membership function. This section describes
our data-gathering approach, membership function calculation technique, use of the RMSE metric, and outcomes analysis.
The findings have implications for improving emissions modeling and environmental decision-making in smart cities, as
well as assisting environmental impact reduction and sustainability programs.

In the datasets source: https://business.knoema.com/datahub-access/. M represents the unit in Million metric tons.
Refer the Table 1, Table 2 and Table 3.

Table 1. CO, (Carbon dioxide) emission

Year/City =~ Ahmedabad  Bangalore  Chandigarh  Chennai  Hyderabad  Jaipur Kolkata =~ Mumbai  New Delhi Pune

2011 10.5M 142M 1.8 M 125M 11.1 M 46 M 11.2M 357M 29.5M 9.8 M
2012 10.9M 14.6 M 1.9M 129M 11.4 M 4.8M 11.6 M 363 M 30.1 M 10.2M
2013 11.3M 15.0M 20M 133 M 11.7M 5.0M 12.0M 37.0M 30.7M 10.6 M
2014 11.7M 154 M 2.1M 13.7M 12.0M 52M 124M 37.7M 313 M 11.0M
2015 121 M 15.8M 22M 141 M 123 M 5.4M 13.8M 384M 319M 11.4M
2016 125M 162M 23M 145M 126 M 5.6 M 132M 39.1M 325M 11.8 M
2017 129M 16.6 M 24M 149M 129M 5.8M 13.6 M 39.8 M 332M 122M
2018 133 M 17.0M 25M 153 M 132M 6.0 M 14.0M 40.5M 340M 126 M
2019 13.7M 174 M 26 M 15.7M 135M 6.2 M 144 M 413 M 348 M 13.0M
2020 141 M 17.8 M 27M 16.1 M 13.8M 6.4 M 14.8M 421 M 356 M 13.4M

Table 2. CH4 (Methane) emission

Year/City =~ Ahmedabad  Bangalore  Chandigarh  Chennai  Hyderabad Jaipur Kolkata ~Mumbai  New Delhi  Pune

2011 1.3 M 1.6 M 0.8 M 1.3 M 1.4 M 1.1 M 1.5M 1.8 M 2.1 M 1.2M
2012 1.4M 1.7M 0.9M 1.4M 1.5M 12M lL.eM 1.9M 22M 1.3M
2013 1.5M 1.8M 1.0M 1.5M 1.6 M 1.3 M 1.7M 2.0M 23 M 1.4 M
2014 1.6 M 19M 1.1M 1.6 M 1.7M 14M 1.8 M 2.1M 24M 15M
2015 1.7M 2.0M 1.2M 1.7M 1.8 M 1.5M 1.9M 22M 25M 1.6 M
2016 1.8M 2.1M 1.3M 1.8M 1.9M 1.6 M 20M 23M 26M 1.8M
2017 1.9M 22M 14M 1.9M 2.0M 1.7M 2.1 M 24M 27M 1.9M
2018 2.0M 23M 1.5M 2.0M 2.1M 1.8M 22M 25M 2.8M 20M
2019 2.1 M 24 M 1.6 M 2.1 M 22M 1.9M 23 M 2.6 M 29M 2.1 M
2020 22M 25M 1.7M 22M 23M 2.0M 24M 27M 3.0 M 22M
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Table 3. N,O (Nitrous Oxide) emission

Year/City ~ Ahmedabad Bangalore  Chandigarh  Chennai Hyderabad Jaipur Kolkata ~Mumbai New Delhi  Pune

2011 1.0M 1.2M 0.6 M 1.0M 1.IM 0.8 M 1.I1M 1.3 M 1.5M 0.9M
2012 1.1 M 1.3M 0.7M 1.1 M 12M 09M 1.2M 1.4M lL.eM 1.0M
2013 12M 1.4M 0.8 M 12M 1.3 M 1.0M 1.3 M 1.5M 1.7M 1.1M
2014 1.3M 1.5 M 0.9M 1.3M 1.4M 1.1M 1.4M lL.eM 1.8M 12M
2015 1.4M 1.6 M 1.0 M 1.4M 1.5M 12M 1.5M 1.7M 1.9M 1.3M
2016 1.5M 1.7M 1.1 M 1.5M 1.6 M 1.3 M 1.6 M 1.8M 20M 1.4M
2017 1.6 M 1.8 M 1.2M 1.6 M 1.7M 14M 1.7M 1.9M 2.1 M 1.5M
2018 1.7M 19M 13M 1.7M 1.8M 1.5M 1.8M 20M 22M 1.6 M
2019 1.8 M 2.0M 1.4M 1.8M 1.9M 1.6 M 1.9M 2.1M 23M 1.7M
2020 19M 2.1M 1.5M 19M 20M 1.7M 20M 22M 24M 1.8M

Here’s the Evaluation of Linguistic variables :

1. Low value: The low value is normally derived as the dataset’s minimal value. In this example, the population of
Ahmedabad was 10.5 million in 2011. As a result, the low figure for 2011 is 10.5 million.

2. Medium value: The medium value indicates the data’s center tendency. The mean is a typical measure of central
tendency that is computed by adding all the values and dividing by the number of values. However, because the data
reflects the population, it is preferable to use the median because it is less impacted by outliers. For the median, arrange
the emission values in ascending order. 10.5 M, 109 M, 11.3 M, 11.7M, 12.1 M, 12.5M, 129 M, 13.3 M, 13.7 M, 14.1
M. As a result, the median value for 2012 is 12.3 M.

3. High value: The high value is normally determined as the dataset’s maximum value. In this situation, the greatest
reported population in Ahmedabad is 14.1 million in 2020. As a result, the high value for 2020 is 14.1 million.

To summarize:

* Low value for 2011: 10.5 M.

* Medium value for 2012: 12.3 M.

* High value for 2020: 14.1 M.

The linguistic variables for CO,, CHy, and N,O. Emission data are with the Reference of Table 4, Table 5 and Table

Table 4. Linguistic variables for CO,

City Low Medium High

Ahmedabad 10.5M 123M  141M
Bangalore 142M 15.8M 17.8 M
Chandigarh 1.8 M 22M 2.7M
Chennai 125M 145M 161 M
Hyderabad  11.1M 126 M  13.8M
Jaipur 4.6 M 5.6 M 6.4 M
Kolkata 11.2M 132M 48M
Mumbai 357M  39.1M 421 M
New Delhi  295M  325M  356M
Pune 9.8 M 11.8M 13.4M
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Table 5. Linguistic variables for CHy

City Low  Medium  High

Ahmedabad 1.5M 1.9M 22M
Bangalore 1.8 M 22M 25M
Chandigarh 1.0M 1.5M 1.7M
Chennai 1.5M 1.9M 22M
Hyderabad 1.6 M 20M 23M
Jaipur 1.3 M 1.7M 2.0M
Kolkata 1.7M 21 M 24M
Mumbai 2.0M 25M 2.8M
New Delhi 23 M 27M 3.0M
Pune 1.5M 2.0M 22M

Table 6. Linguistic variables for N,O

City Low  Medium  High

Ahmedabad 1.0 M 1.5M 1.9M
Bangalore 1.2M 1.6 M 2.1 M
Chandigarh 0.6 M 1.2M 1.5M
Chennai 1.OM 1.4 M 19M
Hyderabad 1.1 M 1.6 M 2.0M
Jaipur 0.8 M 1.3 M 1.7M
Kolkata 1.1 M 1.7M 2.0M
Mumbai 1.3 M 2.0M 22M
New Delhi 1.5M 22M 24M
Pune 0.9 M 1.3 M 1.8 M

3.1 Evaluating the triangular membership values

Using the formula,

. X—a ¢c—X
.uTriangular(x) = max (O> min <b —a’ c— b>>

Evaluation of degree of membership (Jaipur 2014 CO, emission) x = 5.2 in the triangular fuzzy set defined by a = 4.6,
b =15.6,and ¢c = 6.4 as follows:

x—a 5.2-46

b—a 56-—46 =0.6
— 6.4—-52

cTr_ —0.8

c—b 64-56
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. [(x—a c—x .
min <b—a’ c—b> = min(0.6, 0.8) =0.6

U riangular(X) = max(0, 0.6) = 0.6

Therefore, the degree of membership x = 5.2 in the fuzzy set defined by a = 4.6, b = 5.6, and ¢ = 6.4 is 0.6.
Evaluation of degree of membership (Mumbai 2018 CO, emission) x = 40.5 in the triangular fuzzy set defined by
a=235.7,b=39.1, and ¢c = 42.1 as follows:

x—a 40.5-35.7
b—a 39.1-35.7 14118
c—x 42.1 —-40.5 05333

c—b  42.1-39.1

. X—a Cc—X ]
min (b_a, C_b> = min(1.4118, 0.5333) = 0.6

.uTriangular(x) = maX(O, 0.6) =0.5333

As a result, the degree of membership for x = 40.5 in the fuzzy set described by a = 35.7, b = 39.1, and ¢ = 42.1
is 0.5333. After analyzing all linguistic factors, the triangle membership values from Figure 4 were shown using Matlab
code.

Membership values

36

Membership

Figure 4. Triangular membership function

Table 7, 8, and 9 shows triangular membership values for raw data from Table 1, 2 and 3.
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Table 7. Triangular membership values of CO, emission

Year/City ~ Ahmedabad Bangalore  Chandigarh  Chennai  Hyderabad  Jaipur Kolkata ~Mumbai New Delhi Pune

2011 0 0 0 0 0 0 0 0 0 0
2012 0.2222 0.25 0.2499 0.2 0.2 0.2 0.2 0.1764 0.2 0.1999
2013 0.7777 0.5 0.4999 0.4 0.3999 0.4 0.4 0.3823 0.3999 0.25
2014 0.6666 0.75 0.7499 0.5999 0.6 0.6 0.6 0.5882 0.6 0.5999
2015 0.8888 1 1 0.7999 0.8 0.8 0.6249 0.7941 0.7999 0.7999
2016 0.8888 0.8 0.8 1 1 1 1 1 1 1
2017 0.6666 0.5999 0.6 0.75 0.7499 0.75 0.75 0.7666 0.7741 0.75
2018 0.4444 0.4 0.4 0.5 0.5 0.5 0.5 0.5333 0.5161 0.5
2019 0.2222 0.2 0.2 0.25 0.25 0.25 0.25 0.2666 0.258 0.25
2020 0 0 0 0 0 0 0 0 0 0

Table 8. Triangular membership values of CHs emission

Year/City ~ Ahmedabad Bangalore  Chandigarh  Chennai  Hyderabad  Jaipur = Kolkata ~Mumbai New Delhi Pune

2011 0 0 0 0 0 0 0 0 0 0
2012 0 0 0 0 0 0 0 0 0 0
2013 0 0 0 0 0 0 0 0 0 0
2014 0.25 0.2499 0.2 0.25 0.2499 0.2499 0.25 0.2 0.25 0
2015 0.5 0.4999 0.3999 0.5 0.5 0.5 0.4999 0.4 0.5 0.2
2016 0.75 0.7499 0.6 0.75 0.7499 0.75 0.7499 0.5999 0.75 0.6
2017 1 1 0.7999 1 1 1 1 0.7999 1 0.7999
2018 0.6666 0.6666 1 0.6666 0.6666 0.6666  0.6666 1 0.6666 1
2019 0.3333 0.3333 0.4999 0.3333 0.3333 03333 0.3333 0.6666 0.3333 0.5
2020 0 0 0 0 0 0 0 0.3333 0 0

Table 9. Triangular membership values of N,O emission

Year/City =~ Ahmedabad  Bangalore  Chandigarh  Chennai  Hyderabad  Jaipur Kolkata ~Mumbai = New Delhi Pune

2011 0 0 0 0 0 0 0 0 0 0
2012 0.2222 0.25 0.2499 0.2 0.2 0.2 0.2 0.1764 0.2 0.1999
2013 0.7777 0.5 0.4999 0.4 0.3999 0.4 0.4 0.3823 0.3999 0.25
2014 0.6666 0.75 0.7499 0.5999 0.6 0.6 0.6 0.5882 0.6 0.5999
2015 0.8888 1 1 0.7999 0.8 0.8 0.6249 0.7941 0.7999 0.7999
2016 0.8888 0.8 0.8 1 1 1 1 1 1 1
2017 0.6666 0.5999 0.6 0.75 0.7499 0.75 0.75 0.7666 0.7741 0.75
2018 0.4444 0.4 0.4 0.5 0.5 0.5 0.5 0.5333 0.5161 0.5
2019 0.2222 0.2 0.2 0.25 0.25 0.25 0.25 0.2666 0.258 0.25
2020 0 0 0 0 0 0 0 0 0 0

3.2 Linguistic variables for trapezoidal membership values

1. Low value: The low value reflects the data’s lowest range. In this scenario, the low number corresponds to the
dataset’s minimum value of 10.5 million in 2011. As a result, the low figure for 2011 is 10.5 million.
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2. Medium value: The medium value reflects the data’s middle range. For example, to determine the middle figure
for 2012 the average of emission values for 2011 and 2013. Therefore, the medium value for 2012 is 10.9 M.
3. High value: The high value reflects the data’s upper limit. For example, to evaluate the high number for 2019, the

average emission values for 2018 and 2020. Therefore, the high value for 2019 is 13.7 M.

4. Very high value: The very high value reflects the data’s widest range and that is 14.1 million.

To summarize:

1. Low value for 2011: 10.5 M

2. Medium value for 2012: 10.9 M
3. High value for 2019: 13.7 M

4. Very high value for 2020: 14.1 M

Table 10, 11, and 12 show Linguistic variables for trapezoidal membership values for raw data from Table 1, 2 and

Table 10. Linguistic variables for CO,

City Low Medium High Very high

Ahmedabad  10.5M 11.8M 132M 14.1M
Bangalore 142 M 154 M 16.8 M 17.8 M
Chandigarh 1.8 M 2.0M 24M 2.7M
Chennai 125M 134M  15.0M 16.1 M
Hyderabad  11.1M 120M  135M 13.8 M
Jaipur 46M 5.1 M 5.8M 6.4 M
Kolkata 11.2M 128M  140M 148 M
Mumbai 357M  381M  403M 42.1M
New Delhi  295M  31.0M  33.0M 348 M
Pune 9.8 M 10.6 M 11.9M 134M

Table 11. Linguistic variables for CHy

City Low  Medium High  Very high

Ahmedabad 1.3 M 2.0M 22M 22M
Bangalore 1.6 M 23M 25M 25M
Chandigarh 0.8 M 1.5M 1.7M 1.7M
Chennai 1.3M 20M 22M 22M
Hyderabad 1.4 M 2.1M 23M 23M
Jaipur 1.1M 1.8M 2.0M 2.0M
Kolkata 1.5M 22M 24M 24M
Mumbai 1.8M 25M 27M 27M
New Delhi 2.1 M 28M 29M 3.0M
Pune 12M 1.8 M 22M 22M
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Table 12. Linguistic variables for N,O

City Low  Medium High Very high

Ahmedabad 1.0M  135M 1.7M 20M
Bangalore 1.2M 1.6 M 2.0M 24M

Chandigarh 0.6 M 09M 12M 1.5M
Chennai IL.OM 1325M 1.65M 2.0M

Hyderabad 1.1 M 145M 1.8M 22M
Jaipur 0.8 M 1.05M 1.3 M 1.6 M
Kolkata 1.1 M 145M 1.8 M 22M

Mumbai 13M 1.7M 2.1M 25M
New Delhi 1.5M 1.9M 23 M 27M
Pune 09M 1.ISM 14M 1.7M

3.3 Evaluating the membership values using trapezoidal membership function

* Evaluate the membership degree based on the adjacency of x to a is:

a 14.1-125
a 134-125 0.7419

X—
b—
* Evaluate the membership degree based on the adjacency of x to d is:

d—x 161141

= =1
d—c 16.1-15.0 0

* Evaluate the minimum of the membership degree evaluated in steps 1 and 2:

min(0.7419, 1.0) = 0.7419

* Evaluate the final membership degree by taking the maximum of the result in steps 3 and 0:

max (0, 0.7419) = 0.7419

For the raw data in Table 10, 11, and 12, Trapezoidal membership values are displayed in Table 13, 14, and 15. Once
every linguistic variable has been examined, the Matlab algorithm has been used to display the trapezoidal membership
values from Figure 5.
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Table 13. Trapezoidal membership values of CO, emission

Year/City ~ Ahmedabad Bangalore  Chandigarh  Chennai Hyderabad  Jaipur = Kolkata ~Mumbai New Delhi Pune

2011 0 0 0 0 0 0 0 0 0 0
2012 0.3076 0.3333 0.4999 0.444 0.2222 0.4 0.25 0.2499 0.4 0.4999
2013 0.6153 0.6666 1 0.8888 0.6666 0.8 5 0.5416 0.7999 1
2014 0.923 1 1 1 1 1 0.75 0.8333 1 1
2015 1 1 1 1 1 1 1 1 1 1
2016 1 1 1 1 1 1 1 1 1 1
2017 1 1 1 1 1 1 1 1 0.8888 0.8
2018 0.8888 0.8 0.6666 0.7272 1 0.6666 1 0.8888 0.4444 0.5333
2019 0.4444 0.4 0.3333 0.3636 1 0.3333 0.5 0.4444 0 0.2666
2020 0 0 0 0 0 0 0 0 0 0

Table 14. Trapezoidal membership values of CHy4 emission

Year/City ~ Ahmedabad Bangalore  Chandigarh  Chennai  Hyderabad  Jaipur = Kolkata ~Mumbai New Delhi Pune

2011 0 0 0 0 0 0 0 0 0 0
2012 0.1111 0.1428 0.1428 0.1428 0.1428 0.1428  0.1428 0.1428 0.1428 0.1666
2013 0.2222 0.2857 0.2857 0.2857 0.2857 0.2857  0.2857 0.2857 0.2857 0.3333
2014 0.3333 0.4285 0.4285 0.4285 0.4285 0.4285  0.4285 0.4285 0.4285 0.5
2015 0.4444 0.5714 0.5714 0.5714 0.5714 0.5714  0.5714 0.5714 0.5714 0.6666
2016 0.5555 0.7142 0.7142 0.7142 0.7142 0.7142  0.7142 0.7142 0.7142 1
2017 0.6666 0.8571 0.8571 0.8571 0.8571 0.8571 0.8571 0.8571 0.8571 1
2018 0.7777 1 1 1 1 1 1 1 1 1
2019 0.8888 1 1 1 1 1 1 1 1 1
2020 0 0 0 0 0 0 0 0 0 0

Table 15. Trapezoidal membership values of N,O emission

Year/City =~ Ahmedabad  Bangalore  Chandigarh  Chennai  Hyderabad  Jaipur  Kolkata ~Mumbai  New Delhi Pune

2011 0 0 0 0 0 0 0 0 0 0
2012 0.2857 0.25 0.3333 0.3076 0.2857 0.3999  0.2857 0.2499 0.25 0.4
2013 0.5714 0.4999 0.6666 0.6153 0.5714 0.7999  0.5714 0.5 0.5 0.8
2014 0.8571 0.7499 1 0.923 0.8571 1 0.8571 0.75 0.75 1
2015 1 1 1 1 1 1 1 1 1 1
2016 1 1 1 1 1 1 1 1 1 1
2017 1 1 1 1 1 0.6666 1 1 1 0.6666
2018 1 1 0.6666 0.8571 1 0.3333 1 1 1 0.3333
2019 0.6666 1 0.3333 0.5714 0.75 0 0.75 1 1 0
2020 0.3333 0.7499 0 0.2857 0.5 0 0.5 0.7499 0.75 0
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Membership values

Input 16

Figure 5. Trapezoidal membership function

4. RMSE calculation

Membership degree

To evaluate the RMSE values for the membership values from Table 16 to 21 for each emission of triangular and

trapezoidal membership values:

RMSE = \/ AVERAGE ((P_range — A_range)2)

Table 16. RMSE of triangular membership values

CO; emission

Cities

RMSE

Ahmedabad
Bangalore
Chandigarh
Chennai
Hyderabad
Jaipur
Kolkata
Mumbai
New Delhi

Pune

0.8516764239
0.9506892252
0.6604020669
0.8779409838
0.9046569991
0.9175622306
0.9046569991

1.048237569

1.244487846
0.9989536751
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Table 17. RMSE of triangular membership values

CH4 emission

Cities

RMSE

Ahmedabad
Bangalore
Chandigarh
Chennai
Hyderabad
Jaipur
Kolkata
Mumbai
New Delhi

Pune

1.442712184
1.735371559
0.9539654098
1.442712184
1.539958586
1.249574906
1.637521129
1.863865995
2227427764
1.426541973

Table 18. RMSE of triangular membership values

N, O emission

Cities RMSE
Ahmedabad  0.9447624061
Bangalore 1.28580053
Chandigarh  0.7094824416
Chennai 1.096627559
Hyderabad 1.17582652

Jaipur 0.9014216572
Kolkata 1.163362943
Mumbai 1.343794203

New Delhi 1.538114059
Pune 1.006254442

Table 19. RMSE of trapezoidal membership values

CO; emission

Cities RMSE
Ahmedabad  11.74046122
Bangalore 15.42629276
Chandigarh ~ 1.681950191
Chennai 13.7134295
Hyderabad ~ 11.79100983
Jaipur 4931362129
Kolkata 12.21341476
Mumbai 38.2477652
New Delhi  31.87459477
Pune 11.06506514
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Table 20. RMSE of trapezoidal membership values

CH4 emission

Cities RMSE

Ahmedabad ~ 1.379716451
Bangalore 1.58455068
Chandigarh ~ 0.8189950299

Chennai 1.29258766
Hyderabad 1.389528287
Jaipur 1.100350335
Kolkata 1.486874191
Mumbai 1.78067764
New Delhi 2.076254045
Pune 1.193049874

Table 21. RMSE of trapezoidal membership values

N, O emission

Cities RMSE

Ahmedabad  0.8516764239
Bangalore 0.9506892252
Chandigarh  0.6604020669
Chennai 0.8779409838
Hyderabad  0.9046569991
Jaipur 0.9175622306
Kolkata 0.904656999
Mumbai 1.048237569
New Delhi 1.244487846
Pune 0.9989536751

Comparing the mean RMSE values for each membership function in terms of error percentage.

(RMSE1+2+ ... +10)

M.RMSE(Tri) = 0

(RMSE1+2+ ... +10)

M.RMSE(Tra) = 0

Evaluating the error percentage for each membership function:

ErP— (((M RMSE(Tra) — M RMSE (Tri)) ) 100
M RMSE (Tra)
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The error percentage represents the error difference between the two membership functions from Table 22. If the
error percentage is positive, the trapezoidal membership function is more accurate than the triangular membership function,
and vice versa.

Table 22. Average of the RMSE values

Membership function Average

Triangular Membership value for CO, 15.4664
Triangular Membership value for CHy 1.552
Triangular Membership value for N,O 1.1165
Trapezoidal Membership value for CO,  15.2685
Trapezoidal Membership value for CHy 1.4103
Trapezoidal Membership value for N,O  0.9359

Substituting the RMSE mean values of triangular and trapezoidal membership values of CO, emission

oop_ (152685154665
mEE 15.2685

—0.198
ErP= (15'2685) x 100

Error Percentage ~ —1.2944%

Substituting the RMSE mean values of triangular and trapezoidal membership values of CH4 eemission

1.4163 — 1.5520

0.1357

Error Percentage ~ 8.74%

Substituting the RMSE mean values of triangular and trapezoidal membership values of N,O emission

Erp— 0.9359 —1.1165 < 100
0.9359

—0.1806
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Error Percentage ~ —19.32%

Figure 6, 7, and 8 show a comparison of all RMSE mean values.

Comparison of RMSE (CO,)

40 383933

36

31.9647
32
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24
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15.5977
16 13-8992
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5.0899

T 1 T
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1.8554

Co,

Figure 6. Comparison of RMSE mean values for the membership functions for CO,

Comparison of RMSE (CH,)

0.819

Ahmedabad Banglore Chandigarh Chennai Hyderabad Jaipur  Kolkata Mumbai New Delhi  Pune
Cities

Figure 7. Comparison of RMSE mean values for the membership functions for CHy
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Comparison of RMSE (N,0)
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Figure 8. Comparison of RMSE mean values for the membership functions for N,O
5. Remark

In this study evaluated the performance of the membership functions using RMSE values and percentage error
analysis. Initially the results indicated with sigmoid membership function but the results indicated that the trapezoidal
membership function provided more accurate results for CO, and CHy emissions, while the triangular membership
function was more accurate for NoO emissions. These findings highlight the importance of selecting appropriate
membership functions tailored to specific gases to enhance emission forecast accuracy. The study emphasizes the
significance of such insights for decision-makers, urban planners, and environmental agencies involved in emissions
reduction measures and smart city development.

6. Conclusion

The project examined CO,, N, O, and CHy emissions in smart cities in India over 10 years. The study used triangular
and trapezoidal membership functions to determine the emission data’s membership values. Furthermore, the root mean
square error (RMSE) values and percentage errors for each emission kind were computed as follows: CO; is -1.2944%,
CHy is 8.74%, and N, O is -19.32%. Based on the results, it is possible to conclude that the performance of the membership
functions differs depending on the emission type under consideration. Let’s look at each emission separately to see how
successful the membership functions are. Starting with CO, emissions, the -1.2944% percentage error indicates that
the triangle membership function beats the trapezoidal membership function. This means that the triangle membership
function estimates CO, emissions more accurately in the chosen intelligent cities in India. In terms of CHy4 emissions, the
percentage error of 8.74% shows that the trapezoidal membership function outperforms the triangle membership function.
As aresult, the trapezoidal membership function is more accurate in estimating CH4 emissions in a particular environment.
Finally, when it comes to N, O emissions, the percentage error of -19.32% indicates that the triangular membership function
outperforms the trapezoidal membership function. As a result, when it comes to N;O emissions in India’s smart cities,
the triangular membership function produces more accurate estimates. In conclusion, the performance of the membership
functions for emissions prediction in India’s smart cities differs based on the individual gas being analyzed. The triangle
membership function is more accurate for NoO emissions, but the trapezoidal membership function is more accurate
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for CH4 emissions. However, for predicting CO, emissions in the present situation, the triangle membership function
outperforms.

For the future aspects, When analyzing emissions data, these findings emphasize the significance of adapting
membership functions to specific gases. Policymakers, urban planners, and environmental agencies may make more
informed decisions to successfully reduce and control emissions in smart cities by selecting the proper membership
function. It is far-reaching to note that the findings reached in this research are based on the unique dataset and approach
employed. It is advised that more research and analysis be conducted to corroborate these findings and investigate
additional aspects that may impact the efficacy of membership functions in emission prediction in smart cities.

Finally, the study sheds light on the efficacy of triangular and trapezoidal membership functions in predicting CO,,
CHy, and N, O emissions in India’s smart cities. When the percentage of mistakes is considered, it is clear that the choice
of the membership function is critical in properly projecting emissions. The findings contribute to ongoing efforts to
create sustainable and ecologically friendly cities, as well as to facilitate informed decision-making and build a greener
future.

Acknowledgment

The author thanks the referees and editor valuable remarks and suggestions for enhancing this article.

Data availability

In order to make our conclusions for this study, the authors did not use any scientific data.

Conflict of interest

There is no conflict of interest among the authors.

References

[1] Crane R, Landis J. Introduction to the special issue. Journal of the American Planning Association. 2010; 76(4):
389-401. Available from: https://doi.org/10.1080/01944363.2010.512036.

[2] Silva GS, Misha R. An introduction to a special topic, for this special issue. Infernational Journal of Women's
Dermatology. 2021; 70(1): 3-7. Available from: http://doi:10.1016/j.ijwd.2020.08.002.

[3] Yang L, Lu F, Zhou X, Wang X, Duan X, Sun B. Progress in the studies on the greenhouse gas emissions from
reservoirs. Acta Ecologica Sinica. 2014; 34(4): 204-212. Available from: https://doi.org/10.1016/j.chnaes.2013.05.
011.

[4] Quadrelli R, Sierra P. The energy-climate challenge: Recent trends in CO, emissions from fuel combustion. Energy
Policy. 2007; 35(11): 5938-5952. Available from: https://doi.org/10.1016/j.enpol.2007.07.001.

[5] Nejat P, Fatemeh J, Mohammad MT, Mohammad G, Muhd Zaimi AM. A global review of energy consumption, CO,
emissions and policy in the residential sector (with an overview of the top ten CO; emitting countries). Renewable
and Sustainable Energy Reviews. 2015; 43: 843-862. Available from: http://doi:10.1016/j.rser.2014.11.066.

[6] Brandon K. Ecosystem services from tropical forests: review of current science. Center for Global Development
Working Paper. 2014; 380. Available from: http://dx.doi.org/10.2139/ssrn.2622749.

[71 Betancur-Corredor B, Loaiza-Usuga JC, Denich M, Borgemeister C. Gold mining as a potential driver of
development in Colombia: Challenges and opportunities. Journal of Cleaner Production. 2018; 199: 538-553.
Available from: https://doi.org/10.1016/].jclepro.2018.07.142.

Volume 5 Issue 2|2024| 2529 Contemporary Mathematics


https://doi.org/10.1080/01944363.2010.512036
http://doi: 10.1016/j.ijwd.2020.08.002
https://doi.org/10.1016/j.chnaes.2013.05.011
https://doi.org/10.1016/j.chnaes.2013.05.011
https://doi.org/10.1016/j.enpol.2007.07.001
http://doi: 10.1016/j.rser.2014.11.066
http://dx.doi.org/10.2139/ssrn.2622749
https://doi.org/10.1016/j.jclepro.2018.07.142

[8] Sovacool BK, Griffiths S, Kim J, Bazilian M. Climate change and industrial F-gases: A critical and systematic
review of developments, sociotechnical systems and policy options for reducing synthetic greenhouse gas emissions.
Renewable and Sustainable Energy Reviews. 2021; 141: 110759. Available from: https://doi.org/10.1016/j.rser.
2021.110759.

[9] de Richter R, Caillol S. Fighting global warming: The potential of photocatalysis against CO,, CHy4, C,0, CFCs,
tropospheric O3, BC and other major contributors to climate change. Journal of Photochemistry and Photobiology C:
Photochemistry Reviews. 2011; 12(1): 1-19. Available from: https://doi.org/10.1016/j.jphotochemrev.2011.05.002.

[10] Chai X, Tonjes DJ, Mahajan D. Methane emissions as energy reservoir: context, scope, causes and mitigation
strategies. Progress in Energy and Combustion Science. 2016; 56: 33-70. Available from: https://doi.org/10.1016/;.
pecs.2016.05.001.

[11] Ameray A, Bergeron Y, Valeria O, Montoro Girona M, Cavard X. Forest carbon management: A review of
silvicultural practices and management strategies across boreal, temperate and tropical forests. Current Forestry
Reports. 2021; 7: 245-266. Available from: https://doi.org/10.1007/s40725-021-00151-w.

[12] Nisbet EG, Fisher RE, Lowry D, France JL, Allen G, Bakkaloglu S, et al. Methane mitigation: methods to reduce
emissions, on the path to the Paris agreement. Reviews of Geophysics. 2020; 58(1): 1-51. Available from: https:
//doi.org/10.1029/2019RG000675.

[13] Ahmed S, Ahmer ABB, Shoukat AK, Nurettin S, Seif M, Mohamoud J, et al. Towards modern sustainable cities:
Review of sustainability principles and trends. Journal of Cleaner Production. 2019; 227: 972-1001. Available
from: https://doi.org/10.1016/j.jclepro.2019.04.106.

[14] Bibri SE. Data-driven smart eco-cities and sustainable integrated districts: A best-evidence synthesis approach to
an extensive literature review. European Journal of Futures Research. 2021; 9(16): 1-43. Available from: https:
//doi.org/10.1186/s40309-021-00181-4.

[15] Chan AP, Chan DW, Yeung JF. Overview of the application of fuzzy techniques in construction management
research. Journal of Construction Engineering and Management. 2009; 135(11): 1241-1252. Available from:
https://doi.org/10.1061/(ASCE)C0.1943-7862.0000099.

[16] Muhammad K, Mohammad SO, Tanveer H, Javier DS, Neeraj K, Mohammad T, et al. Fuzzy logic in surveillance
big video data analysis: Comprehensive review, challenges, and research directions. ACM Computing Surveys.2021;
54(3): 1-33. Available from: https://doi.org/10.1145/3444693.

[17] Ajay-Sooraj PS, Paul A. Fuzzy logic in construction project scheduling: A review. International Research Journal
of Engineering and Technology. 2018; 5(11): 753-754.

[18] Jain A, Abhinav S. Membership function formulation methods for fuzzy logic systems: A comprehensive review.
Journal of Critical Reviews. 2020; 7(19): 8717-8733.

[19] Medasani S, Jaeseok K, Raghu K. An overview of membership function generation techniques for pattern
recognition. [International Journal of Approximate Reasoning. 1998; 19(3-4): 391-417. Available from: https:
//doi.org/10.1016/S0888-613X(98)10017-8.

[20] hairuddin SH, Mohd HH, Manzoor AH, Muhammad HA. Generating clustering-based interval fuzzy type-2
triangular and trapezoidal membership functions: A structured literature review. Symmetry. 2021; 13(2): 239.
Available from: https://doi.org/10.3390/sym13020239.

[21] Dubois D, Henri P. Fuzzy sets, probability and measurement. European Journal of Operational Research. 1989;
40(2): 135-154. Available from: https://doi.org/10.1016/0377-2217(89)90326-3.

[22] Ribeiro RA. Fuzzy multiple attribute decision making: a review and new preference elicitation techniques. Fuzzy
Sets and Systems. 1996; 78(2): 155-181. Available from: https://doi.org/10.1016/0165-0114(95)00166-2.

[23] Naser MZ, Amir HA. Error metrics and performance fitness indicators for artificial intelligence and machine learning
in engineering and sciences. Architecture, Structures, and Construction. 2021; 3: 499-517. Available from: http:
//dx.doi.org/10.1007/s44150-021-00015-8.

[24] Data Source. Available from: https://business.knoema.com/datahub-access [Accessed 27 April 2023].

[25] Velmurugan S, Saivaraju N. Fuzzy evaluation on climate change for factors on single criteria object. Journal of Basic
and Applied Research International. 2016; 16(1): 40-43. Available from: https://ikprress.org/index.php/JOBARI/
article/view/3769.

Co iporary Math tics 2530 | Udhayakumar R, ef al.



https://doi.org/10.1016/j.rser.2021.110759
https://doi.org/10.1016/j.rser.2021.110759
https://doi.org/10.1016/j.jphotochemrev.2011.05.002
https://doi.org/10.1016/j.pecs.2016.05.001
https://doi.org/10.1016/j.pecs.2016.05.001
https://doi.org/10.1007/s40725-021-00151-w
https://doi.org/10.1029/2019RG000675
https://doi.org/10.1029/2019RG000675
https://doi.org/10.1016/j.jclepro.2019.04.106
https://doi.org/10.1186/s40309-021-00181-4
https://doi.org/10.1186/s40309-021-00181-4
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000099
https://doi.org/10.1145/3444693
https://doi.org/10.1016/S0888-613X(98)10017-8
https://doi.org/10.1016/S0888-613X(98)10017-8
https://doi.org/10.3390/sym13020239
https://doi.org/10.1016/0377-2217(89)90326-3
https://doi.org/10.1016/0165-0114(95)00166-2
http://dx.doi.org/10.1007/s44150-021-00015-8
http://dx.doi.org/10.1007/s44150-021-00015-8
https://business.knoema.com/datahub-access
https://ikprress.org/index.php/JOBARI/article/view/3769
https://ikprress.org/index.php/JOBARI/article/view/3769

	Introduction
	Climate change and its reason
	Real time effects
	Introduction on forthcoming analysis

	Materials and methods
	Fuzzy logic and fuzzy sets
	Fuzzy membership function
	Singleton membership function
	Triangular membership function
	Trapezoidal membership function
	Root mean square error

	Results and discussion
	Evaluating the triangular membership values
	Linguistic variables for trapezoidal membership values
	Evaluating the membership values using trapezoidal membership function

	RMSE calculation
	Remark
	Conclusion

