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Abstract: Air is a necessity for living things to survive, and a drastic change has taken place in the air pollution levels due to pandemics.
The prediction of air pollution in ambient air had become a requirement to save mankind and other living things. This paper presents a
system for prediction of ambient air quality. The proposed system is based on the Mamdani Fuzzy Inference (MFI) system. The required
input data is collected from the specific area of Ludhiana, Punjab (India). The pollutants covered are Ammonia, PMzs um, PMzio um,
Carbon Monoxide, and Sulfur Dioxide. Around fifty rules were framed in this model for the day-to-day prediction process. The results
were obtained and compared by correlation, Index of Agreement (I0A), Mean Absolute (MA) Percentage error, Mean Absolute (MA)
error, and Root Mean Square (RMS) error, where the correlation of min-max was 0.9268 depicts the positive results. The results were

found to be approximately 93% accurate to the real values.
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1. INTRODUCTION

For a long time, people have benefited from weather
forecasting systems. These systems help us predict the
weather by processing a vast amount of data. Similarly, there
is a need for a system that can predict daily ambient air
quality. Just like weather forecasts, air quality predictions
require a lot of data, which is considered one of the most
valuable resources in the world. This data comes from many
sources. In the context of air quality prediction, data can be
categorized based on its origin. For example, some data
comes from contaminants in water, air, or soil caused by
living organisms like bacteria and fungi. Other types of data
involve exposure to chemicals, which can be in the form of
solid particles, droplets, or gases. Dealing with the
increasing air pollution resulting from technological
advancements is one of the most significant challenges the
world faces today. Pollution has increased considerably in
recent years, posing a threat to our health and the
environment. This rise in pollution is a complex issue that
affects ecosystems and human well-being. It is crucial to
recognize the various sources and types of pollution to
address this global challenge effectively. To tackle air
pollution and protect environmental health, it is vital to have
precise exposure estimations. Accurate data collection and
analysis are essential for understanding how pollutants
affect different regions and populations. With accurate
predictions, policymakers and scientists can develop
strategies to mitigate pollution and its harmful effects. This
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requires collaboration among researchers, governments, and
communities to ensure a healthier future for everyone.

To predict air quality, a variety of methods and algorithms
are available to process data effectively. One innovative
approach introduced by [1] is the use of a fuzzy system.
Fuzzy systems are mathematical frameworks that interpret
data using linguistic terms, making them well-suited for
handling systems with uncertainties or ambiguities in data
interpretation. This means that fuzzy systems can deal with
data that is not always clear-cut or straightforward, making
them a powerful tool for air quality prediction. Fuzzy
systems offer several advantages over traditional regression
systems. One significant benefit is their ability to handle
large amounts of computational power and manage a vast
number of variables, even when these variables have little
correlation with each other. This is important because air
quality data often involves many different factors that can
influence the results. For instance, weather conditions,
pollution sources, and geographical features can all impact
air quality, and these factors may not always be directly
related. Traditional regression models can struggle to scale
effectively when dealing with such a large number of
variables, especially if there are weak or complex
relationships among them. Fuzzy systems, on the other hand,
are designed to manage these complexities by using a more
flexible approach to data interpretation. This flexibility
allows fuzzy systems to provide more accurate predictions
even when dealing with uncertain or incomplete data.

To demonstrate the effectiveness of the fuzzy system, an air
quality index (AQI) model has been used as a case study.
The AQI model provides a comprehensive initial database
of inputs and exhibits significant variations in pollution
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concentrations, which are crucial for a fuzzy inference
system (FIS) to showcase its capabilities. This variation in
data is necessary because it helps the model learn and adapt
to different scenarios, improving its overall performance.
Even when the relationships between the variables used in
the model are not well understood, the fuzzy system can still
function effectively as a pioneering tool for predicting
complex systems. This means that even if we don't fully
know how all the factors are interconnected, the fuzzy
system can still make accurate predictions. This is
particularly useful in environmental studies where many
variables can influence outcomes. The focus on air pollution
in this model is due to the significant impact of ambient air
pollution on ecosystems and public health. Air pollution
poses a threat to both human health and the environment,
making it essential to have reliable prediction models that
can help mitigate its effects. By using the fuzzy system in
the AQI model, researchers can better understand and
predict pollution levels, leading to more effective strategies
for reducing pollution. Calculating the ambient air quality
index is also important for monitoring a country's economic
progress and its ecological footprint. By understanding how
pollution levels change over time, governments and
organizations can implement smarter practices to minimize
environmental impact while promoting sustainable growth.
The AQI serves as a vital tool for assessing the overall health
of the environment and guiding policy decisions. Currently,
measuring the AQI involves determining how each pollutant
compares to acceptable standards for different pollution
categories. This approach relies on predefined rules for each
pollutant, which can limit the accuracy of predictions. To
enhance this process and achieve better results, the Mamdani
fuzzy system is employed. The Mamdani fuzzy system is
known for its ability to handle complex and uncertain data,
making it ideal for improving AQI predictions. [2].

The Mamdani fuzzy inference system has been utilized to
create a non-linear regression model for predicting air
quality. This type of system is especially useful for dealing
with complex relationships between variables, allowing for
more accurate predictions. Once the model was developed,
it was tested using several performance parameters,
including the Index of Agreement (IOA), root mean square
error (RMSE), correlation, mean absolute error (MAE), and
mean absolute percentage error (MAPE). These parameters
help evaluate how well the model predicts air quality by
comparing its predictions to actual observations. The data
used to test this model was collected from Ludhiana, Punjab.
This data set includes a variety of pollutants, ranging from
ammonia to particulate matter with a diameter of 10
micrometers (PM10), as well as carbon monoxide (CO) and
sulfur dioxide (SO2). These pollutants are significant
contributors to air pollution and can have serious health and
environmental impacts. By including a wide range of
pollutants, the model can better capture the complexity of air
quality in the region. Once the model was applied to this

data, the results were calculated and measured according to
the air quality index (AQI). The AQI is a standard tool used
to communicate how polluted the air currently is or how
polluted it is forecast to become. It takes into account the
concentration levels of different pollutants and translates
these into a single number or category that indicates the
overall air quality. The use of the Mamdani fuzzy system in
this context allows for a more nuanced understanding of air
quality, as it can effectively manage the uncertainties and
non-linear relationships inherent in environmental data. By
using the Mamdani fuzzy inference system, the model can
provide more accurate predictions of air quality, which are
crucial for both public health and environmental
management. Policymakers and environmental agencies can
use these predictions to implement measures that reduce
pollution levels and protect communities from harmful
exposure. Moreover, this approach can serve as a model for
other regions facing similar air quality challenges, helping
to improve air quality management practices worldwide.

2. FORECASTING RELATED WORK

[3] has designed a collaborative recommender system
specifically to help farmers make informed decisions about
their crops. This system predicts or recommends which
crops are most suitable for a farmer's location, taking into
account various factors such as historical weather
conditions. By analyzing past weather patterns, the system
can offer insights into which crops are likely to thrive in a
particular area. In addition to crop recommendations, the
system also suggests other essential agricultural inputs like
seeds, fertilizers, pesticides, and tools that are useful for
harvesting. These recommendations aim to optimize crop
yield and efficiency, ensuring that farmers have the
resources they need to succeed. The system uses the
Mamdani fuzzy inference system to enhance its predictions.
This system provides farmers with a preliminary idea of crop
yield and sowing by forecasting potential outcomes. The
fuzzy system can handle the uncertainties and variations in
agricultural data, offering more accurate and reliable
predictions for farmers. By utilizing this collaborative
recommender system, farmers can make better decisions
about which crops to plant and how to manage them
effectively. The system's recommendations are tailored to
each farmer's specific location and conditions, making it a
valuable tool for increasing productivity and sustainability
in agriculture. This approach is particularly beneficial for
farmers who may not have access to extensive agricultural
research or expertise. By leveraging advanced technology
and data analysis, the system empowers farmers to make
informed choices that can lead to improved crop yields and
economic outcomes.

[4] developed a Mamdani Fuzzy Inference System (MFIS)
to evaluate the green performance of companies. This
system is designed to help businesses assess how
environmentally friendly their operations are by analyzing
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various factors. The MFIS uses several fuzzy inference
systems (FISs) to process different dimensions of green
supply chain management (GSCM). GSCM is a concept that
integrates environmental thinking into supply chain
management, covering aspects such as product design,
material sourcing, and manufacturing processes. In this
approach, each dimension of GSCM is evaluated
individually, and the results are then used as inputs for the
main FIS. By combining these inputs, the MFIS can provide
a comprehensive assessment of a company's green
performance. This multi-step process allows the system to
capture a wide range of environmental factors and provide
more accurate evaluations. The results generated by the
MFIS offer valuable insights into various aspects of a
company's operations. For example, it provides information
about the amount of solid or liquid waste produced, how
energy is used, and the utilization of other resources. These
insights are crucial for companies looking to improve their
environmental impact and make more sustainable decisions.
By evaluating these factors, companies can identify areas
where they need to reduce waste or improve resource
efficiency. This information helps businesses make
informed decisions about how to enhance their
environmental performance and align with sustainable
practices. As a result, the MFIS supports companies in their
efforts to reduce their ecological footprint and contribute to
environmental protection. The use of the MFIS for
evaluating green performance is particularly important in
today's business landscape, where sustainability is
increasingly becoming a priority for companies and
consumers alike. By providing detailed assessments and
actionable recommendations, the MFIS helps businesses not
only comply with environmental regulations but also gain a
competitive advantage by demonstrating their commitment
to sustainability.

[5] employed the Mamdani Fuzzy Inference System (MFIS)
to predict and enhance intelligent transportation systems in
smart cities. This initiative aims to improve the quality of
life for city residents by making urban transportation more
efficient and responsive to their needs. In the rapidly
evolving environment of smart cities, effective
transportation management is essential to ensure smooth
mobility and reduce congestion. The MFIS model was
specifically applied to evaluate traffic congestion control in
smart cities. Traffic congestion is a significant issue in urban
areas, causing delays, increasing pollution, and reducing the
overall quality of life. By using the Mamdani Fuzzy
Inference System, Bachandeep's model can analyze various
factors that contribute to traffic congestion and predict future
traffic patterns. This predictive capability allows city
planners and transportation authorities to develop strategies
to alleviate congestion and improve traffic flow. The model
has proven to be beneficial in predicting future traffic
conditions, offering insights that help in planning and
managing urban transportation systems more effectively. By

understanding potential congestion points and traffic
patterns, cities can implement measures such as adjusting
traffic signal timings, optimizing public transportation
routes, and promoting alternative transportation modes to
minimize congestion. In addition to traffic management, the
model suggests that considering other factors like
environmental conditions, healthcare, and security
surveillance can enhance predictions and decision-making.
Environmental conditions, such as air quality and weather,
can significantly impact transportation systems. For
instance, poor air quality may lead to restrictions on vehicle
usage, while adverse weather conditions can cause
disruptions in traffic flow. Healthcare considerations are
also important, as efficient transportation systems can
improve access to medical facilities and reduce response
times for emergency services. Security surveillance, on the
other hand, can play a crucial role in ensuring the safety of
transportation systems by monitoring for potential threats
and coordinating emergency responses. By integrating these
additional factors into the transportation model, cities can
develop more comprehensive and adaptive solutions to
urban mobility challenges. This holistic approach not only
addresses traffic congestion but also supports broader city
goals, such as sustainability, public health, and safety.

[6] has developed a rain detection system that utilizes
various inputs to accurately determine weather conditions.
This system is designed to detect rain and provide
information about rainy weather levels, helping individuals
and organizations make better decisions based on weather
conditions. The system gathers inputs using an Arduino, a
versatile microcontroller that can collect data from different
sensors. These sensors include humidity, rain, and
temperature sensors, which provide essential information
about the current weather. The Arduino collects this data and
sends it sequentially to the Fuzzy Inference System (FIS)
using a specific communication protocol. Once the data
reaches the FIS, it is processed using a specialized
algorithm. This algorithm analyzes the input data from the
sensors and compares the results to assess the likelihood and
intensity of rain. The FIS is particularly useful in this context
because it can handle the inherent uncertainties and
variations in weather data, leading to more accurate and
reliable predictions. By combining data from multiple
sensors, the rain detection system can offer a comprehensive
assessment of weather conditions. It considers various
factors, such as humidity levels, temperature, and rain
intensity, to provide a detailed understanding of the current
weather. This information is valuable for planning outdoor
activities, managing agricultural operations, and ensuring
the safety of transportation systems during rainy conditions.
The results of the system have proven to be effective and
responsive, providing timely and accurate information about
rainy weather levels. This responsiveness is crucial in
situations where quick decisions are needed, such as when
deciding whether to proceed with outdoor events or take
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precautionary measures to protect crops from potential
damage.

3. FORECASTING METHODOLOGY
AMBIENT AIR POLLUTION

FOR

In our system, we use fuzzy inference, where the outcomes
of the fuzzy rules are expressed as crisp humbers. A crisp
number is a clear and precise value, as opposed to a range or
degree of possibility often used in fuzzy logic. This approach
simplifies the calculation process, making it one of the main
advantages of using fuzzy inference. One of the significant
benefits of this method is that it allows for straightforward
integration of new rules into the system. In traditional
systems, adding new rules or adjusting existing ones can be
complex and time-consuming. However, with fuzzy
systems, you can easily incorporate additional rules as
needed, without having to overhaul the entire system. This
flexibility makes it easier to adapt and improve the system
over time. Furthermore, fuzzy inference systems allow for
the easy addition of new membership functions.
Membership functions are used in fuzzy logic to define how
each input variable relates to different categories or sets.
Adding new membership functions enables the system to
handle a broader range of inputs and scenarios, enhancing
its overall accuracy and responsiveness. This adaptability is
an attractive feature of fuzzy systems, as it allows them to
evolve and improve continuously. As new data becomes
available or as the requirements of the system change, it can
be updated to incorporate this information, ensuring it
remains effective and relevant.

The data for each pollutant has been centralized at a single
location, meaning all the information for each type of
pollutant is collected and stored together. This centralized
approach helps in organizing and managing the data more
effectively. To analyze this data, several mathematical
calculations were performed, including finding the mean,
median, minimum, and maximum values. These calculations
provide a summary of the data and help in understanding its
general characteristics. The mean gives the average value,
the median shows the middle value when the data is ordered,
while the minimum and maximum values indicate the range
of the data. This processed data was then used in the
Mamdani Fuzzy Inference System (MFIS). In the MFIS,
various membership rules are applied to interpret the data
and make predictions. Membership rules define how
different data values fit into different categories or fuzzy
sets, helping the system to evaluate the data more
effectively. Once the MFIS has processed the data using
these rules, the results are compared with several
performance parameters to assess the accuracy and
effectiveness of the model. These parameters include:

e Index of Agreement (I0OA): Measures how well
the model’s predictions match the observed data.

e Root Mean Square Error (RMSE): Calculates
the square root of the average squared differences
between predicted and observed values, providing
an indication of prediction accuracy.

e Correlation: Assesses the strength and direction of
the relationship between predicted and actual
values.

e Mean Absolute Error (MAE): Computes the
average absolute differences between predicted and
observed values, giving a straightforward measure
of prediction accuracy.

e Mean Absolute Percentage Error (MAPE):
Measures the average percentage error between
predictions and actual values, providing a relative
measure of accuracy.

By comparing the calculated values with these parameters,
we can evaluate how well the Mamdani Fuzzy Inference
System performs in predicting pollution levels. This
comparison helps in fine-tuning the model and ensuring that
it provides accurate and reliable predictions for
environmental monitoring and decision-making.

3.1 Fuzzy Inference System

The concept of set membership is crucial in describing how
fuzzy systems work. In fuzzy logic, set membership helps
define how objects or elements fit into a particular set or
category within a broader universe of discourse. In
traditional (or classic) set theory, an object either belongs to
a set or it does not. This means the membership is binary: an
object is either a member of the set (1) or not a member (0).
However, fuzzy logic introduces a more flexible approach
through fuzzy sets, where membership is not simply binary
but can vary continuously. In a fuzzy set, the membership of
an object is described in terms of a degree of membership.
This degree is represented by a membership function, which
assigns a value between 0 and 1 to each object. Here’s what
these values mean:

e Membership Function Value of 0: Indicates that
the object does not belong to the fuzzy set at all.

e Membership Function Value of 1: Indicates that
the object fully belongs to the fuzzy set.

e Membership Function Value Between 0 and 1:
Represents partial membership, meaning the object
partially belongs to the fuzzy set. The exact value
reflects the degree or extent to which the object fits
into the set.

This concept allows for a more nuanced and imprecise
representation of set membership compared to classic set
theory. For example, instead of categorizing an object as
simply "hot" or "cold," a fuzzy set might categorize it as
"somewhat hot" or "fairly cold,” with membership values
reflecting degrees of heat or coldness.
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Here now if an element “x” in the nature “X” of a crisp sets
can be the member of any crisp set “A” or it cannot be the

member.
Flﬂll Crisp Value
Knowledge |||—»| Inference
Base | Engine CrispVa\uE

Fig 1: Simplified Fuzzy Inference System

The mathematical representation of this this binary issue of
membership with the indicator function is as:

1, xeA
Xa(x) = {0 xeA

Let us take an example to explain this concept, consider two
colors red and blue in which the red can be used as stating
hot and the blue can be used as stating cold situations then
in this the red will be taken as a 1 which will denote hot,
whereas the blue will be considered as 0 which is for cold.
The output as a membership of the function will be as 0 for
blue which is cold and 1 is for red which is hot. [7]

The fuzzy definition of a set helps the system to get
introduced with the indefinite elements which are introduced
in the processing of data and the same can be represented as:

1a(x)€[0,1]

Let us take an element pink which is a color and is defined
in the set mentioned above will also occupies a membership
value between O and 1. Therefore the set “A” can be
manipulated with the color set “A” which can then defined
as membership function too.

According to the following illustration the structure of the
fuzzy inference system can be represented,

—.| Fuzzification e Rulo, Defuzzification |—
-

Fig 2: Fuzzy Inference System

The FIS process involves three stages which are as
Fuzzification, Rule Evaluation, and De-Fuzzification. [8]

e Fuzzification: This stage is responsible for
translating precise input values into fuzzy sets. The
process begins with crisp data sets, which are exact
and well-defined measurements. Fuzzification
converts these crisp values into fuzzy sets,
representing degrees of membership in various
categories. This transformation involves assigning
truth values to the inputs based on predefined
membership functions. The result is a set of fuzzy
values that reflect the degree to which each input
belongs to different fuzzy sets. These fuzzy values
are then used in the next stage of the system for
further processing.

e Inference Engine/Rule Evaluation: In this stage,
the fuzzy values obtained from the fuzzification

process are used for further computation. The
inference engine applies a set of rules from the
knowledge database to these fuzzy values. These
rules are typically formulated in an IF-THEN
format and are used to derive conclusions or make
decisions based on the input data. The inference
engine combines the fuzzy values according to
these rules to generate an intermediate fuzzy
output. This output remains in fuzzy form and
reflects the system’s decision-making process
based on the provided inputs and the rules applied.

e De-Fuzzification: The final stage involves
converting the fuzzy output into a crisp value. De-
fuzzification takes the fuzzy results produced by
the inference engine and translates them back into
precise, well-defined values. This process involves
determining the best representative crisp value
from the fuzzy output, which may include
calculating a weighted average or another method
to consolidate the fuzzy results. The goal of de-
fuzzification is to provide a clear and actionable
output, reflecting the degree of membership in a
specific category or decision outcome, which can
then be used for practical applications or further
analysis.

Among functioning of all the stages, crucial one is
knowledge base. [9]

3.2 Mamdani fuzzy inference system

The foundation of FIS is relaying on the rule of IF-THEN
property.
“IF ‘x” is ‘A’ then ‘y’ is ‘B’”

This is then translated into the fuzzy inference engine. But
MFIS generates the graphical inference technique which are
used to uncover the results for the corresponding past history
inputs. The membership functions and the number of inputs
are directly affecting the rules used in the system. Various
assumption and combination techniques are followed by the
membership functions. [10]

The well-known form of the rules in the MIS can be
described as following equation:

If x1is Z¥ and x; is ZX then ykis BX  for k-

12,3...1.

Where Z¥ and ZX¥ are fuzzy sets signifying the kth
antecedent pair and BK is the kth resultant.

In this the accumulation can be taken as sum of model; the
repercussion can be defined as min, or product.

Here for the system now we can consider the input (i) and
input (j) be the previous circumstances; and for these
parameters the repercussion function can be as follow: [11]
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e, () = max [min [ (input (), uyg (input () |
Fork=1,23,....,r

Rule 1

Fig 3: Max-Min Mamdani System [11]

For the implementation of max-product, the products of the
forerunner membership functions are the subsequent
membership functions whereas the huge number of portion
is taken as a final resultant. This can be defined as,

He, (y) = max [uzf(input(i))k * uzg(input(j))]

For k=1,2,3,.....,r

Fig 4: Max-Product Mamdani System [11]

In this research, a range of hazardous pollutants has been
taken into consideration, including Carbon Monoxide (CO),
Sulfur Dioxide (SO2), Ammonia (NHs), Particulate Matter
(PMyo), and Particulate Matter (PM2s). These pollutants are
known for their adverse effects on both human health and
the environment. To analyze and predict air quality, the
study relies on historical data of these pollutants. This data
is recorded hourly and collected at a centralized location. By
aggregating and centralizing this historical data, the research
can effectively use it in the application model for making
predictions. The main parameter that has been considered
for this research is the Air Quality Index (AQI). The AQI is
a composite measure that reflects the overall level of air
pollution based on the concentrations of the pollutants
mentioned. By using historical records of CO, SO, NHs,
PM1o, and PMys, the application model is able to estimate
the current air quality and make predictions about future
pollution levels. The centralized historical data serves as the
foundation for these predictions, allowing for a

comprehensive assessment of air quality through the AQI.
[12]

The rules employed in this model are centered on the Air
Quality Index (AQI). Specifically, the model operates on the
principle that if any pollutant has a high concentration, the
resulting AQI will be high, indicating poor air quality.
Conversely, if the concentration of pollutants is low, the
AQI will also be low, reflecting better air quality. The model
uses these rules to evaluate and simulate air quality based on
historical data of various pollutants. By analyzing the
concentration levels of pollutants such as CO, SOz, NHs,
PMjo, and PM_ s, the system determines the AQI value. High
pollutant concentrations translate to higher AQI levels,
signaling increased pollution, while lower pollutant levels
result in lower AQI values, indicating cleaner air. After
applying these rules and simulating different techniques and
assumptions, the model generates results that reflect the
predicted air quality. These results help in understanding and
forecasting the air quality based on the pollutant
concentrations and their impact on the AQI. [13]

4. RESULTS

The MFIS simulation are done using MatLab after following
steps and results different parameter values are tabulated in
the table -1.

Steps to simulate system and obtain results

e The data used to assess the system's capabilities is
sourced from a combination of online platforms
and offline methods. For this research, Ludhiana
has been chosen as the focal point due to its
significance as an industrial hub in Punjab.
Specifically, measurements are taken at Samrala
Chowk, a prominent location in Ludhiana, Punjab,
India. This strategic choice of location ensures that
the data reflects the diverse industrial activities and
environmental conditions characteristic of this
region.

¢ We have collected a total of 6,839 samples, which
are used as input data for the system. These samples
include measurements of five major ambient air
pollutants: Carbon Monoxide (CO), Sulfur Dioxide
(SO2), Ammonia (NHs), Particulate Matter (PMyo),
and Particulate Matter (PM25s).

e  The measurement level for all the pollutant is in the
unit of (ug/md).

e Air Quality Index has its own measures which are
divided into various five semantic metrics named
as good, moderate, poor, very poor and severe

e The pollution levels divided into semantic metrics
as low, moderate and poor.

e All of the samples are taken from historical 2018
and 2019 years.
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e No modification or manipulation in acquired data
has been done such as scaling or normalization
before input.

Table 1: Simulation Results

Measurement Max - Sum - Max -
Factors Min Product Product
Correlation 0.9268 0.9713 0.922
I0A 0.9279 0.9358 0.9386
MA “Percentage 1989 0.2358 0.1671
Error

MA Error 33.3386 32.8495 29.7418
RMS Error 40.5516 38.3097 40.507

The values are compared across different metrics and scales
as detailed in the table above. Specifically, the correlation
coefficients for the Max-Min, Sum-Product, and Max-
Product methods are 0.93, 0.97, and 0.92, respectively.
These values are very close to 1, indicating a high level of
accuracy, approximately 93%. This suggests that the
methods provide reliable results in terms of correlation with
the actual data. In addition to these correlation metrics, the
Max-Min, Sum-Product, and Max-Product values have been
assessed on various scales to evaluate the robustness of the
underlying model. The model's reliability has been further
scrutinized through tests on different scales, including the
Index of Agreement (IOA), Mean Absolute (MA) Error, and
Root Mean Square (RMS) Error. These additional
evaluations help in understanding how well the model
performs across different scenarios and measurement
criteria. The results of these tests are also illustrated in the
figures below, which provide visual representations of the
model's performance. Additionally, the membership
functions for the model are categorized into low, moderate,
and high levels. Figure 11 displays the rule set definition for
the Air Quality Index, showing how different levels of air
quality are interpreted and applied within the model. This
comprehensive evaluation ensures that the model not only
fits the historical data well but also maintains accuracy and
reliability across various metrics and scales. [14]

Fig 5: Fuzzy input/output combination
The fuzzy inputs used are:

e  Ammonia (NHs)

e  Carbon monoxide (CO)

e Sulfur Dioxide (SO)

e Particulate Matter
(PM25)

2.5 micrometers diameter

e Particulate Matter 10 micrometers diameter (PMio)

Three steps which are used in the implementation of fuzzy
system as in the classical way are shown below: [11]

Linguistic variable and fuzzy set determination

The combination of fuzzy input/output can be seen in the
Figure 5 where each of the input and the output is divided
into the numerous of fuzzy sets and the same can be seen
from Figure 6 to Figure 10. [15]

><//
— S

Fig 6: NH3 Membership Function

Fig 7: CO Membership Function

—X/,,

Fig 8: SO, Membership Function

— /
) N/

Fig 9: PM2s Membership Function

S P
,///

Fig 10: PM1o Membership Function

The output is divided into five fuzzy sets which describes
the air quality index. The output fuzzy sets are as follow:

e Good

e  Moderate
e Poor

e Very Poor
e Severe

The Gaussian set is used to divide the output consumption
intervals and the same can be seen in Figure 11. The output
of air quality index is divided from the range of 0 to 500 in
Figure 11.
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e

Fig 11: AQI Membership Functions
Constructing fuzzy rules

In this study, we have developed and used 50 fuzzy rules to
predict the ambient AQI value and are shown in figure 12.
[16] [17] The figure describes some of the rules which are
used in the mamdani fuzzy system. These can be set with the
“AND” or “OR” connection and can be seen in various
languages as per the requirement of the user. One of the rule
which has been implemented in the mamdani fuzzy
inference system is as:

(NHs==Low) & (CO==Moderate) & (SO==Low) &
(PM2s==Moderate) & (PMyo==Moderate) =>
(Output=Poor) (1)

In the above rule we can see that if the concentration of
Ammonia (NHz) is low along with the composition of other
concentrations as Carbon Monoxide (CO) is Moderate,
Sulphur Dioxide SO2 if Low, Particulate Matter with the
micrometer diameter 2.5 is Moderate and Particulate matter
with the micrometer diameter 10 is Moderate then the
Output is Poor with the weight of 1, same like this the total
number of 50 rules were defined to get the output. [18]

Fig 12: Mamdani Rules
Performing fuzzy inference into system

This is a process to articulate the mapping using fuzzy logic
from the given input to output. The decision can be made on
after providing basis. The process of fuzzy inference include
three things which are membership functions, fuzzy logic
operators and if-than rules.To compute the mapping form
input values to output values this process is used along with
this it contain fuzzification aggregation and defuzzification
as a sub-processes. [19]

Fig 13: Rule Set Defining AQI

The “and” operator is used for the rules which are defined as
per the air quality standards. If the pollutant values are high
then the simulated forecast in the form of result is shown
high and if it is low then it is set to low.

5. CONCLUSION AND FUTURE SCOPE

A Based on the results from the fuzzy inference system,
there is a strong correlation between the target values and
the output of the model simulations, as well as a favorable
Index of Agreement (IOA). This indicates that the model
performs well in aligning its predictions with the actual data.
The model itself is a well-designed, straightforward
mathematical regression model that utilizes the concept of
membership functions and set theory. By integrating these
elements, the model provides robust solutions for air quality
prediction. It effectively translates the membership function
concepts into practical outputs, demonstrating its reliability
in evaluating and interpreting data. The Air Quality Index
(AQI) is determined using a set of IF-THEN rules, which
form the basis of the model’s decision-making process.
These rules are applied to assess and classify air quality
levels. Despite the complexity of working with fuzzy logic
and various input parameters, the application of powerful
linguistic rules has made it possible to address and manage
any complications that arise during the process. In summary,
the fuzzy inference system shows a good match between
target and predicted values, backed by a solid IOA. The use
of a simple mathematical regression model, along with the
membership function concept and IF-THEN rules, ensures
that the model delivers accurate and effective results. The
ability to overcome challenges using well-defined linguistic
rules further enhances the model's efficacy in air quality
assessment. [20] The noticeable weakness of this model can
arise when the membership functions have a high degree of
overlap. When there is significant overlap between
membership functions, it can create uncertainty and lead to
inaccuracies in the model's predictions. To address this
issue, it is important to optimize the membership functions
to minimize overlap and reduce extremes in error for future
models. By refining the membership functions, the model
can better distinguish between different fuzzy sets and
improve the accuracy of its predictions.
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