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Abstract—Air pollution has recently been identified as one of
the most pressing issues in the environmental domain, which has
severe implications for the health and well-being of citizens across
the world. The increased rate of urbanization, industrialization,
and vehicular emissions has contributed substantially to the
deterioration of air quality, especially in major cities. The Air
Quality Index (AQI) has been widely adopted as a standardized
measure to reflect the level of air pollution and its associated
health effects. The accurate estimation and forecasting of AQI has
become increasingly important for pollution control and decision-
making.

A thorough machine learning-based framework for time-
series model-based air quality monitoring and AQI forecasting
is presented in this paper. For real-time AQI prediction based
on pollutant concentrations like PM2.5, NO», NOx, SO, and
CO, the suggested system incorporates a K-Nearest Neighbors
(KNN) regression model. Additionally, by identifying seasonal
patterns and temporal dependencies in past air quality data,
a Seasonal AutoRegressive Integrated Moving Average with
eXogenous variables (SARIMAX) model is used for short-term
AQI forecasting. The Central Pollution Control Board (CPCB)
provided the dataset used in this study, which has undergone
extensive preprocessing, including time-series transformation,
normalization, and handling of missing values.

The Flask framework is used to implement the suggested
framework as a web-based application that allows users to
interactively enter pollutant values and obtain multi-day forecasts
and AQI predictions.

Keywords—Air Quality Index, Machine Learning, Time-Series
Forecasting, KNN Regression, SARIMAX, Environmental Mon-
itoring, CPCB Dataset.

1. INTRODUCTION

In recent decades, air pollution has emerged as one of
the most pressing environmental issues, especially in areas
that are rapidly urbanizing and developing. The air quality
in metropolitan areas has drastically declined due to the
expansion of industrial activities, rising vehicle emissions,
population density, and energy consumption. Numerous health
problems, such as respiratory disorders, cardiovascular dis-
eases, decreased lung function, and early mortality, have been
directly linked to poor air quality. Global health reports state
that prolonged exposure to polluted air causes millions of
deaths each year, underscoring the critical need for effective
air quality monitoring and forecasting systems.

As a standardized indicator of the general state of air
pollution and its possible effects on human health, the Air
Quality Index (AQI) is widely used. The concentrations of ma-
jor pollutants, including particulate matter (PM2.5), nitrogen
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dioxide (NOy), nitrogen oxides (NOx), sulfur dioxide (SO>),
and carbon monoxide (CO), are combined to calculate AQI
values. AQI offers a simplified numerical representation in
addition to qualitative categories like Good, Moderate, Poor,
and Severe, each of which has a unique impact on health.
Despite the fact that AQI is a useful tool for communicating air
quality conditions, its values are highly variable and impacted
by a variety of factors, such as emission sources, weather,
seasonal variations, and geographic features.

The majority of conventional air quality monitoring systems
rely on threshold-based approaches, statistical methods, and
manual analysis. Although these methods offer fundamental
insights into pollution levels, they frequently fall short of
capturing intricate nonlinear relationships between pollutants.
Furthermore, a lot of current systems are limited to reporting
AQI values in real time and are unable to forecast future
trends in air quality. This restriction hinders the prompt
implementation of preventive measures to reduce health risks
and diminishes the efficacy of early warning systems.

However, the challenge of forecasting air quality is ad-
dressed by time series forecasting models, which model
trends, seasonality, and correlations that exist in air quality
data. Seasonal factors like winter smog, dispersion during
monsoons, and air pollution during festivals are important
contributors to AQI variations. Hence, a more comprehensive
and reliable solution for air quality analysis can be obtained
by combining machine learning prediction models with time
series forecasting models.

In the proposed research work, an integrated model is
developed by incorporating K-Nearest Neighbors Regression
for real-time AQI prediction and SARIMAX for short-term
AQI forecasting. The proposed model is developed using real-
world air quality data collected from the Central Pollution
Control Board (CPCB) and is implemented as a web-based
application using the Flask framework. The proposed model
has the potential to enhance the accuracy of AQI prediction,
identify seasonal trends of air pollution, and offer a useful and
user-friendly tool for air quality monitoring.

A. Our Contributions

The major contributions of this research work are summa-
rized as follows:
o A holistic air quality monitoring system is developed
using real-world CPCB air quality data.
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o A K-Nearest Neighbors (KNN) regression algorithm is
proposed to predict AQI values using pollutant concen-
tration measures such as PM2.5, NOy, NOx, SO,, and
CO.

o A Seasonal AutoRegressive Integrated Moving Average
with eXogenous variables (SARIMAX) model is devel-
oped to predict short-term AQI forecasts using time-series
and seasonal patterns.

o The prediction and forecasting models are combined into
a single framework, allowing for both real-time AQI
predictions and multi-day forecasts.

o The proposed framework is developed as a web ap-
plication using the Flask framework, allowing for user
interaction and result visualization.

o Experimental analysis is conducted to evaluate the effi-
cacy and robustness of the proposed approach.

II. RELATED WORK

Several studies have explored air quality monitoring and
forecasting using machine learning and time-series ap-
proaches. Traditional air quality prediction methods relied on
chemical transport models, which are computationally expen-
sive and sensitive to input assumptions. Recent research has
shifted toward data-driven techniques due to their adaptability
and accuracy.

Oziipak et al. [1] performed a comprehensive comparison of
machine learning regression models such as XGBoost, SVR,
Random Forest, and KNN for air quality prediction. Their
study demonstrated that Bayesian optimization combined with
ensemble strategies significantly improves prediction accuracy.
Gupta et al. [2] applied Random Forest and Support Vector
Regression models for AQI prediction across Indian cities
and reported improved performance when data balancing
techniques were used.

Deep learning-based approaches have also gained popular-
ity. Janarthanan et al. [3] employed deep neural networks to
forecast AQI in metropolitan regions, highlighting the effec-
tiveness of temporal modeling. Mao et al. [4] utilized LSTM-
based architectures for air quality prediction and achieved su-
perior performance compared to traditional regression models.
Similarly, Rahman et al. [5] proposed a web-enabled machine
learning system for real-time AQI forecasting.

Hybrid and optimization-based approaches have shown
promising results. Lakshmipathy et al. [6] integrated feature
selection with ensemble learning to enhance AQI prediction
accuracy. Wang and Zhang [7] demonstrated the effective-
ness of CNN-based models for high-resolution air quality
estimation. These studies collectively indicate that combining
machine learning with time-series modeling and optimization
techniques yields reliable and accurate air quality predictions.

III. PROBLEM STATEMENT AND MOTIVATION

Rapid urbanization and industrialization have been some
of the major factors that have contributed to the degradation
of air quality in large cities. Prolonged exposure to high
concentrations of air pollutants has serious implications for

human health, including the development of respiratory and
cardiovascular ailments. Although air quality monitoring sta-
tions are in place, many of these stations are designed to
provide information only about the prevailing levels of air
pollution and lack the ability to predict or forecast air quality.

Current methods for air quality prediction are either based
on traditional statistical models or machine learning models.
Statistical models have limitations when dealing with non-
linear relationships, whereas machine learning models often
disregard the temporal and seasonal patterns that exist in air
quality data. In addition, many of the existing methods are
limited to offline analysis and are not designed as interactive
real-time systems.

Another significant issue is the provision of actionable
insights to the users. Most of the systems are not able to
provide real-time AQI prediction and short-term forecasting
together in one system. This makes it impossible for the users
and the authorities to predict the future trends of air pollution
and take necessary steps to prevent it.

With the above issues in mind, the objective of this project
is to design an integrated air quality monitoring system that
incorporates machine learning-based AQI prediction and time
series forecasting. The proposed system will utilize KNN
for real-time AQI prediction and SARIMAX for short-term
forecasting.

IV. SYSTEM OVERVIEW

The proposed Air Quality Monitoring and AQI Forecast-
ing system is intended to be developed as an integrated
approach that encompasses data preprocessing tasks, machine
learning-based prediction, time series forecasting, and web-
based implementation. The main aim of the proposed system
is to facilitate real-time AQI prediction and short-term AQI
forecasting. The overall architecture of the system is illustrated
in Fig. 1.

The architecture of the system is divided into five main
parts: data collection, data preprocessing, AQI prediction,
AQI forecasting, and result visualization. All these parts are
essential for ensuring the accuracy of the prediction, reliability
of the forecast, and proper interaction with the end users.

The AQI prediction module consists of a K-Nearest Neigh-
bors (KNN) regression model. This module uses the concen-
trations of the various pollutants as input variables to predict
the AQI value based on past patterns of pollution. The choice
of the KNN regression model is informed by its simplicity,
interpretability, and ability to handle nonlinear relationships
between pollutants and AQI.

The AQI forecasting module employs a Seasonal AutoRe-
gressive Integrated Moving Average with eXogenous variables
(SARIMAX) model. The AQI forecasting module examines
past AQI data to identify patterns and seasonal changes. The
SARIMAX model produces short-term AQI forecasts, which
help in providing early warnings for possible pollution peaks.

Lastly, the result visualization and user interaction module
is developed using a web application built with Flask. The
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Fig. 1. Overall Architecture of the Proposed AQI Monitoring and Forecasting
System

graphical user interface enables users to enter pollutant con-
centrations and display forecasted AQI values and short-term
forecasts. The system design with multiple modules promotes
scalability and will allow for easy expansion in the future,
such as the integration of real-time sensors and mobile app
development.

V. DATASET DESCRIPTION

The data used in this study is collected from the Central
Pollution Control Board (CPCB), which is the government
agency designated for monitoring the air quality in India. The
CPCB supplies the continuous ambient air quality monitoring
data collected from various air quality monitoring stations
established in major cities. For this study, air quality data for
Gurugram city is chosen because of its high pollution level
and the availability of historical data.

The data is collected on a daily basis for the major air
pollutants that contribute significantly to the calculation of the
AQI. The attributes chosen for the study are particulate matter
with diameters less than 2.5 micrometers (PM2.5), nitrogen
dioxide (NOy), nitrogen oxides (NOx), sulfur dioxide (SO-),
and carbon monoxide (CO). The dataset also includes the AQI
value corresponding to the pollutant concentration, which is
calculated as per the CPCB guidelines.

The concentration levels of the air pollutants in the dataset
are measured in standard units like micrograms per cubic me-
ter (,ug/m3) for PM2.5, NOs, NOx, and SO,, and milligrams
per cubic meter (mg/m?) for CO. AQI is measured in terms
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of numerical values that correspond to pre-defined air quality
classes.

VI. DATA PREPROCESSING

Air quality data sets obtained from actual monitoring sta-
tions may have noisy data, missing values, and inconsistencies
due to sensor failure, environmental interference, or communi-
cation breakdowns. Hence, data preprocessing is an essential
step to guarantee the accuracy and robustness of machine
learning models and time series forecasting.

The first step of data preprocessing is dealing with the
missing values in the data set. Missing data values in air
quality measurements are quite common in environmental data
sets and may have a substantial impact on model accuracy
if not treated carefully. Missing values are treated using
interpolation and forward filling methods in this research.

The second preprocessing task is outlier removal. Outliers
in pollutant data due to sensor malfunctions or unusual occur-
rences can result in biased model training. Statistical methods
like z-score tests can be employed to detect outliers that are
far from the usual pollutant patterns.

The third preprocessing task is the normalization of pollu-
tant data. Since the units of different pollutants are not the
same, min-max normalization is performed to ensure that all
pollutant data is on the same scale. This is especially necessary
for distance calculations in algorithms like KNN.

VII. ALGORITHMIC WORKFLOW AND PSEUDOCODE

The proposed system has a modular workflow that combines
data preprocessing, AQI prediction via machine learning, and
AQI forecasting via time series analysis. The workflow starts
with data retrieval from the CPCB dataset, followed by data
preprocessing for enhanced data quality.

Next, two separate models are trained. The KNN regression
model makes AQI predictions based on pollutant concentra-
tion, while the SARIMAX model makes future AQI forecasts
based on past AQI time series data.

User inputs are handled by a Flask-based backend, where
real-time AQI predictions and short-term AQI forecasts are
carried out. The output is presented via an interactive web
interface, facilitating easy analysis of air quality status.

VIII. COMPARATIVE ANALYSIS WITH EXISTING METHODS

The conventional air quality prediction models, like linear
regression and ARIMA, have limitations in dealing with the
nonlinear relationships and interactions between air quality
variables. The machine learning models, like SVR and Ran-
dom Forest, have improved accuracy but with high computa-
tional complexity.

The KNN-SARIMAX framework is a balanced solution that
leverages the simplicity and interpretability of KNN and the
capability of SARIMAX to model time series data. Unlike
other models, the combined framework enables real-time AQI
prediction and short-term forecasting in a single system.

Compared to other models, the proposed system has im-
proved deployability with a web-based interface and easier
usability for air quality monitoring.
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IX. MATHEMATICAL FORMULATION

Air Quality Index (AQI) is a quantitative value that reflects
the overall air quality based on the concentration of multiple
air pollutants. Mathematically, AQI is calculated by finding
the sub-index for each air pollutant and taking the maximum
sub-index as the AQI value. Let C), be the concentration of
air pollutant p. The sub-index I, for air pollutant p is given
by the following piecewise linear function:

Ini — 1o

fr= Chi — Cio

(Cp - C’lo) + Ilo

where Cj; and C), represent breakpoint concentrations
surrounding C),, and Ij; and I, are the corresponding AQI
breakpoints. The overall AQI is computed as:

AQI = max{Ipn2.5,In0y, INOz, Is0,, Ico}

This definition emphasizes the nonlinear and multi-
dimensional nature of AQI calculation, which necessitates the
application of machine learning models for prediction.

In KNN regression for AQI prediction, each data point is
represented as a feature vector:

X = [1.17'%.27%37%47'7;5}

where 1 to x5 correspond to PM2.5, NOy, NOx, SO, and
CO concentrations respectively. Given a query point X, the
Euclidean distance between X, and a training sample X; is
computed as:

The predicted AQI value is obtained by averaging the AQI
values of the k nearest neighbors:

For AQI forecasting using SARIMAX, the AQI time series
{y:} is modeled as:

©,(B)2p(B°) (1~ B)'(1 - B*)Py: = ©,(B)Oq(B*)e:

where B is the backshift operator, p, d, ¢ are non-seasonal
orders, P, D, () are seasonal orders, s is the seasonal period,
and ¢, is white noise. This formulation enables SARIMAX to
capture both short-term dependencies and long-term seasonal
patterns.

X. METHODOLOGY: K-NEAREST NEIGHBORS (KNN)

The K-Nearest Neighbors (KNN) algorithm is a supervised
machine learning algorithm that has been widely used for
classification and regression tasks. In this study, the KNN
algorithm is used as a regression algorithm to forecast the Air
Quality Index (AQI) value using the concentration levels of the
pollutants. The choice of using the KNN algorithm is informed
by its simplicity, interpretability, and ability to handle non-
linear relationships between multiple input variables and a
continuous output variable.

The KNN algorithm is a non-parametric learning algorithm
that is instance-based. This means that the KNN algorithm
does not make any assumptions about the underlying dis-
tribution of the data. Instead, the KNN algorithm stores all
the training data and uses it to make predictions based on
the similarity between new input instances and existing data
points. This property of the KNN algorithm makes it ideal for
use in air quality studies, where the behavior of the pollutants
is complex and non-linear.

In the proposed system, the input features are the concen-
trations of pollutants such as PM2.5, NOy, NOx, SO, and
CO, while the target output is the AQI value. Each data point
is a vector in a multidimensional space. When a user enters
new values for the pollutants, the KNN algorithm calculates
the distance between the input vector and all the vectors in
the training data.

The Euclidean distance is the similarity measure used to
find the proximity of data points. The distance between two
points is given by:

d(.T, y) =

where x and y are two data points in the feature space, and
n is the number of input features. Based on the calculated
distances, the algorithm selects the & nearest neighbors that
are most similar to the input instance.

The predicted AQI value is calculated by finding the average
AQI of the k nearest neighbors. The choice of the value of & is
critical in determining the performance of the model. A small
value of k results in a noise-sensitive model, while a large
value of k results in oversmoothing of predictions, leading to
a loss of sensitivity to local patterns. For this research, the
value of k is determined experimentally to strike a balance
between bias and variance.

The trained KNN model is then incorporated into the system
for real-time AQI prediction. When users input values of the
pollutants via the web interface, the KNN model analyzes the
input values, searches for similar patterns of past pollution,
and displays the predicted AQI value immediately. This helps
to achieve rapid and easy AQI prediction, making the model
ideal for real-time applications.

The KNN approach is thus an efficient tool for AQI pre-
diction using past pollutant data and similarity learning. Its
simplicity, interpretability, and flexibility make it a trustworthy
tool in the proposed air quality monitoring system.
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XI. METHODOLOGY: SARIMAX MODEL

Although machine learning algorithms like KNN work well
for real-time AQI forecasting using pollutant concentration
values, they do not capture the temporal dependencies and
seasonal patterns that exist in air quality datasets. To overcome
this drawback, the proposed system uses a Seasonal AutoRe-
gressive Integrated Moving Average with eXogenous variables
(SARIMAX) model for short-term AQI prediction. SARIMAX
is an advanced time-series forecasting model that can be
considered an extension of the popular ARIMA model, which
also accounts for seasonal patterns and external variables.

The SARIMAX model is well suited for air quality forecast-
ing because AQI has strong temporal dependencies, including
daily, weekly, and seasonal patterns like the peak winter pol-
lution levels and monsoon-season dispersion. The SARIMAX
model can capture these patterns explicitly to make more
accurate short-term predictions compared to models that do
not account for temporal patterns.

The parameters of a SARIMAX model consist of two sets
of parameters: non-seasonal parameters (p,d, q) and seasonal
parameters (P, D, ), s). The non-seasonal parameters are used
to define the autoregressive order p, differencing order d, and
moving average order g, while the seasonal parameters are
used to define the seasonal autoregressive component, sea-
sonal differencing, seasonal moving average, and the seasonal
period s. In this research, the value of the seasonal period is
determined based on the yearly AQI seasonal patterns.

The SARIMAX model is trained on the past AQI data
available in the CPCB dataset. While training the model,
it learns how past AQI values are related to future values,
considering the seasonal variations. The goal of the training
process is to maximize the likelihood function to estimate the
parameters of the model.

After the model has been trained, it is utilized for short-term
AQI forecasting, which is done for the next five days. The
result of the forecasting process includes the forecasted AQI
values along with the confidence intervals, which represent the
uncertainty of the predictions.

The SARIMAX forecasting module is also incorporated into
the proposed system to serve as a complement to the KNN-
based AQI prediction module. Although the KNN method
is capable of providing real-time AQI predictions based on
real-time pollutant inputs, the SARIMAX method provides a
temporal outlook on AQI predictions by forecasting future AQI
trends.

In summary, the SARIMAX approach improves the reliabil-
ity of the proposed air quality monitoring system by account-
ing for the temporal aspects of AQI data. The incorporation
of the SARIMAX approach with machine learning approaches
for AQI predictions provides a holistic solution for air quality
analysis and forecasting in urban areas.

XII. IMPLEMENTATION DETAILS

The proposed Air Quality Monitoring and AQI Forecasting
system is developed as an end-to-end application that com-
bines data processing, machine learning algorithms, time series

forecasting, and a web-based interface. The development of the
application is done using Python because of its rich libraries
and resources for data processing, machine learning, and web
development.

The development of the application starts with offline model
training. The KNN regression algorithm is trained on the pre-
processed CPCB dataset, with pollutant concentration levels
as input variables and AQI levels as target variables. After
training, the KNN algorithm is serialized and saved as a pickle
file for efficient reuse during deployment. This is because the
model does not need to be trained every time a prediction is
made.

Likewise, the SARIMAX model is also trained on the
historical AQI time series data. The AQI data is indexed
according to dates to maintain a chronological order, and the
parameters of the model are determined through exploratory
data analysis. After training, the SARIMAX model is also
stored for future use. This trained model is used to make short-
term AQI forecasts according to the identified patterns.

The backend of the system is implemented using the Flask
web application framework. The Flask framework serves as an
interface between the trained models and the frontend design.
Upon receiving the pollutant data input from the user via the
web interface, the Flask server processes the data and sends
it to the KNN model for AQI prediction. The predicted AQI
result is then sent back to the user in real-time.

For AQI forecasting, the Flask backend system loads the
trained SARIMAX model and makes short-term forecasts
based on the latest AQI data. The forecasted results are then
processed and displayed through graphical plots. These plots
enable the user to view the future air quality patterns in a
simple and comprehensible manner.

The frontend of the system is developed using HTML and
CSS for designing a simple and user-friendly interface. Input
fields enable users to input the concentrations of the pollutants,
whereas output fields are used to display the predicted AQI
values and graphs of the forecasts. The interaction between the
frontend and backend of the system enables a smooth flow of
data.

In conclusion, the modular design of the system improves
its scalability and maintainability. The system’s different parts,
such as data preprocessing, training, prediction, forecasting,
and visualization, are developed separately. This will help in
the future development of the system by integrating real-time
sensors, mobile apps, and cloud computing.
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Fig. 2. Web-Based User Interface for AQI Prediction and AQI Scale
Visualization
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XIII. EXPERIMENTAL SETUP

The experimental analysis of the proposed Air Quality
Monitoring and AQI Forecasting system is carried out by using
real-world air quality data collected from the Central Pollution
Control Board (CPCB). The aim of the experimental design
is to evaluate the efficiency of the KNN regression model in
AQI prediction and the SARIMAX model in short-term AQI
forecasting.

All experiments are carried out in the Python programming
language. Libraries such as NumPy and Pandas are used for
data manipulation and preprocessing, and scikit-learn is used
for developing the KNN regression model. The SARIMAX
model is developed using the statsmodels library, which is
equipped with efficient tools for time series analysis and
forecasting. Result visualization is done using Matplotlib for
creating plots related to AQI trends and forecasting results.

The preprocessed dataset is divided into training and testing
subsets to evaluate model performance on unseen data. For the
KNN regression model, an 80:20 train—test split is employed,
where 80% of the data is used for training and the remaining
20% is reserved for testing. This split ensures that the model
learns from sufficient historical data while allowing reliable
evaluation of prediction accuracy. The value of % in the KNN
model is selected experimentally to balance bias and variance.

For the SARIMAX forecasting model, the AQI time series
is split in a chronological manner. The past AQI values are
employed for training the model, and the latest values are
held for validating the accuracy of the forecasts. The seasonal
factors are determined according to the yearly trends in the
data. The forecast horizon is defined for five days to enable
short-term AQI forecasts, which are useful for early warning
and decision-making.

The performance of the models is assessed using conven-
tional error measures. For AQI prediction, the accuracy of the
predictions is assessed by comparing the AQI predictions with
the actual AQI values in the test data. For AQI forecasting,
the Root Mean Square Error (RMSE) measure is employed to
assess the difference between the forecasted AQI values and
the actual AQI values. The RMSE measure is employed owing
to its sensitivity to large errors in predictions, which is useful
for assessing the reliability of the forecasts.

All the experiments are performed on a common computing
platform, and the trained models are implemented using the
Flask-based web application.

XIV. RESULTS AND DISCUSSION

This section discusses the experimental results obtained
from the proposed Air Quality Monitoring and AQI Fore-
casting system and provides a detailed discussion of the
results. The performance of the KNN regression model for
AQI prediction and the SARIMAX model for short-term AQI
forecasting is analyzed using real-world CPCB air quality data.

A. AQI Prediction Results Using KNN

The KNN regression model is tested by comparing the
predicted AQI values with the actual AQI values from the

Fig. 3. Historical Daily AQI Trends for Gurugram City

test dataset. The outcome shows that the KNN model is
able to accurately identify the relationship between pollutant
concentrations and AQI values. Since KNN is a distance-based
learning algorithm, the model makes predictions by searching
for past pollution patterns that match the input data. This
enables the model to make intuitive and interpretable AQI
predictions.

From the experimental results, it can be seen that the KNN
model works well for all AQI ranges, whether low, moderate,
or high. The accuracy of the predictions is high when pollutant
concentrations are following past trends in the dataset. Small
discrepancies are noticed when there is a sudden pollution
surge, which can be explained by sudden environmental or
human-induced changes that are not accounted for in the past
trends.

The ease of use of the KNN model is one of the reasons
why it has a fast response time and is ideal for real-time
AQI prediction in a web-based setting. Users get immediate
AQI predictions after they enter the pollutant values, which
increases the usability of the system.

B. AQI Forecasting Results Using SARIMAX

The SARIMAX model is tested for short-term AQI forecast-
ing purposes based on the historical AQI time series data. The
model produces forecasts for a five-day term, incorporating
both trend and seasonal aspects of the AQI time series. The
forecast performance is tested using the Root Mean Square Er-
ror (RMSE) measure, which estimates the difference between
the forecasted and actual AQI concentrations.

The outcome indicates that the SARIMAX model is capable
of producing smooth AQI forecasts, which effectively capture
the seasonal aspects of AQI, such as periodic pollution peaks
during the winter season and reduced AQI concentrations
during times of increased atmospheric dispersion. The addition
of seasonal parameters to the model has greatly improved the
accuracy of AQI forecasts compared to non-seasonal models.

While the SARIMAX model may not accurately forecast
extreme pollution peaks, the model is capable of producing
accurate short-term trend forecasts, which are essential for
early warning systems. The AQI forecast plots produced by
the model effectively demonstrate the future AQI conditions,
which can be easily interpreted by the users.

C. Comparative Analysis and Discussion

The combination of KNN and SARIMAX models provides
complementary benefits. The KNN model has strong capabili-
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ties in real-time AQI prediction based on the current pollutant
inputs, and the SARIMAX model has a temporal aspect in AQI
forecasting by predicting future AQI trends. The combination
of both models overcomes the disadvantages of individual
models and improves the overall system reliability.

The proposed framework has better adaptability to the
nonlinear behavior of the pollutants and seasonal changes
compared to traditional statistical models. The previous re-
search works were focused on either prediction accuracy or
time series forecasting independently. However, the combined
approach in this work provides both features in a single
system.

The web-based implementation further improves the ap-
plicability of the system by allowing user interaction and
visualization of the results. The users can not only see the
AQI prediction values but also examine the short-term trends,
which helps in taking proactive health actions.

In conclusion, the experimental results confirm the effective-
ness of the proposed air quality monitoring system. The system
provides a good balance between accuracy, interpretability, and
usability and can be effectively applied to real-world urban air
quality monitoring.

XV. LIMITATIONS AND FUTURE WORK

Although the proposed Air Quality Monitoring and AQI
Forecasting system performs well, there are some limitations
to be considered. The proposed system mainly uses the his-
torical air quality data collected from the CPCB monitoring
stations. Therefore, the quality of the data has a direct impact
on the accuracy of the forecasting and prediction results.
Abrupt pollution events triggered by unforeseen factors such
as accidents, fires, construction activities, and natural weather
conditions cannot be properly represented by the proposed
models.

The KNN regression model, although simple and inter-
pretable, requires the entire training data to be stored in
memory and can become computationally intensive for larger
datasets. Moreover, the performance of the KNN algorithm
is highly sensitive to the choice of the parameter k£ and the
quality of feature scaling. Similarly, the SARIMAX model
assumes linear relationships among the time series and cannot
properly represent highly nonlinear relationships among AQI
factors.

Future work can address these limitations by incorporating
additional data sources and advanced modeling techniques.
Integration of real-time sensor data and meteorological param-
eters such as temperature, humidity, wind speed, and rainfall
can significantly enhance prediction accuracy. Deep learning
models such as Long Short-Term Memory (LSTM), Gated
Recurrent Units (GRU), and hybrid CNN-LSTM architectures
can be explored to capture complex nonlinear and long-term
dependencies in air quality data.

Furthermore, the system can be extended to include geospa-
tial visualization using Geographic Information Systems (GIS)
for region-wise AQI monitoring. Deployment on cloud plat-
forms and development of mobile applications can improve
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scalability and accessibility. These enhancements would en-
able the proposed framework to serve as a comprehensive
and intelligent air quality monitoring solution for smart city
environments.

XVI. CONCLUSION

This paper has discussed a holistic machine learning-based
approach for air quality monitoring and AQI forecasting
through time series models. The proposed system combines
K-Nearest Neighbors (KNN) regression for real-time AQI
prediction and Seasonal AutoRegressive Integrated Moving
Average with eXogenous variables (SARIMAX) for short-term
AQI forecasting. Through the use of past air quality data col-
lected from the Central Pollution Control Board (CPCB), the
proposed system is able to efficiently model the relationships
and dynamics of the air pollutants, as well as the seasonality
of AQI patterns.

The experimental results show that the KNN model is ca-
pable of providing accurate and interpretable AQI predictions
based on air pollutant concentrations, and that the SARIMAX
model is able to provide stable and reliable short-term AQI
forecasts. The combination of both models into one system
improves the overall reliability and usability of the system. The
web deployment using Flask also allows for user interaction
and visualization of air quality data.

In summary, the proposed framework provides a viable,
scalable, and efficient solution for urban air quality monitoring
and early warning systems. The work presented in this paper
demonstrates the potential of integrating machine learning
and time series forecasting methods for solving real-world
environmental problems and provides a solid foundation for
future research and development in intelligent air quality
monitoring systems.
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