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Abstract: Air pollution has become a major concern due to its harmful impact on human health and the surrounding
environment. Most existing air quality monitoring systems focus on city-level Ambient Air Quality Index (AQI) values,
which often fail to reflect pollution differences within smaller regions of an urban area. As a result, sudden pollution
events and localized emission sources may remain undetected. This project presents a Context-Based Small Area Air
Quality Index Prediction and Air Pollution Event Detection System (CM-SAAQIDS) designed to overcome these
limitations. The proposed system uses historical air quality data along with environmental factors such as temperature,
humidity, and wind patterns to estimate AQI values for individual micro-zones. It also identifies real-time pollution
spikes and analyses possible causes, including traffic density, industrial activity, and unfavourable weather conditions.
To ensure reliable results, the system incorporates methods to manage missing or inconsistent sensor data. By offering
localized air quality forecasts and early warning alerts, the proposed approach supports timely decision-making by
citizens and authorities, contributing to improved air pollution control and public health management.
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l. INTRODUCTION

Air pollution is one of the most serious environmental problems affecting human health and the ecosystem. Pollutants
such as particulate matter (PM2.5 and PM10), carbon monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SOz)
can cause respiratory diseases, heart problems, and environmental damage. To measure pollution levels, the Air Quality
Index (AQI) is used as an important indicator that shows how clean or polluted the air is. Most existing air quality
monitoring systems provide AQI values at the city level, which do not accurately represent pollution conditions in
smaller areas within the city. However, air pollution can vary significantly between different locations due to factors
like traffic congestion, industrial emissions, and local weather conditions. Because of this limitation, sudden pollution
increases and localized pollution sources may go unnoticed. To address this issue, this project proposes a Context-
Based Small Area Air Quality Index Prediction and Air Pollution Event Detection System (CM-SAAQIDS). The
system uses historical air quality data along with environmental parameters such as temperature, humidity, and wind
patterns to predict AQI for smaller regions or micro-zones. It also detects sudden pollution events and analyzes possible
causes such as traffic density, industrial activities, and unfavorable weather conditions. To address this issue, this
project proposes a Context Based Small Area Air Quality Index Prediction and Air Pollution Event Detection System
(CM SAAQIDS). The system uses historical air quality data along with environmental parameters such as temperature,
humidity, and wind patterns to predict AQI for smaller regions or micro-zones. It also detects sudden pollution events
and analyzes possible causes such as traffic density, industrial activities, and unfavorable weather conditions.
Additionally, the system includes data preprocessing techniques to handle missing or inconsistent sensor data, ensuring
more accurate predictions. By providing localized AQI predictions and early pollution alerts, this system can help
citizens and government authorities take timely actions to reduce pollution exposure and improve public health and
environmental management.

1. LITERATURE REVIEW

Air pollution has become a major environmental issue worldwide, affecting human health, climate, and ecosystems.
Many researchers have studied methods to monitor and predict air quality using statistical and machine learning
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techniques. Several studies have used traditional statistical models to predict Air Quality Index (AQI) based on
historical pollution data. These models mainly analyze pollutants such as PM2.5, PM10, NO2, SO, CO, and Os along
with meteorological factors like temperature, humidity, and wind speed. Although these models provide basic
predictions, they often struggle to capture complex relationships between environmental variables. With the
advancement of machine learning, many researchers have applied algorithms such as Linear Regression, Random
Forest, Support Vector Machine (SVM), and Decision Trees for AQI prediction. These models can analyze large
datasets and identify patterns between pollution levels and environmental conditions. Studies show that machine
learning models provide more accurate AQI predictions compared to traditional statistical methods. Recent research has
also focused on deep learning approaches such as Artificial Neural Networks (ANN) and Long Short-Term Memory
(LSTM) models. These techniques are especially useful for time-series forecasting because they can learn long-term
patterns in pollution data. Many researchers have used these models to forecast future pollution trends and provide early
warnings for high pollution events. Some studies have also integrated Internet of Things (IoT) sensors to collect real-
time environmental data from different locations. This helps in improving the accuracy of predictions and allows
continuous monitoring of air quality. Despite these advancements, many existing systems still face challenges such as
limited data availability, missing sensor data, and difficulty in predicting pollution trends at smaller geographic areas.
Therefore, this project focuses on developing an AQI prediction and pollution trend forecasting system using
environmental machine learning models, which can analyze historical data and environmental parameters to provide
more reliable and accurate air quality predictions.

1. METHODOLOGY

The methodology of this project explains the steps used to collect data, process it, train the machine learning model, and
predict the Air Quality Index (AQI).

1. Data Collection

The first step is collecting air quality and environmental data from reliable sources such as air quality monitoring
stations or public datasets. The collected data usually includes pollutants like PM2.5, PM10, NO:, SO., CO, and Os
along with meteorological parameters such as temperature, humidity, wind speed, and rainfall.

2. Data Preprocessing

The collected data may contain missing values, noise, or inconsistent readings. In this step, the data is cleaned by
removing errors, filling missing values, and converting the data into a suitable format. This improves the quality of the
dataset and helps in accurate prediction.

3. Feature Selection
In this stage, important factors that influence pollution are selected. Pollutant concentrations and weather parameters are
used as input features for the prediction model. Selecting the correct features helps improve model performance.

4. Model Training

Machine learning algorithms such as Linear Regression, Random Forest, Decision Tree, or Support Vector Machine
(SVM) are used to train the prediction model. The model learns the relationship between environmental parameters and
AQI values using historical data.

5.  AQI Prediction
After training, the model is used to predict the future Air Quality Index (AQI) based on new environmental data. This
helps estimate pollution levels for upcoming days or hours.

6. Pollution Trend Forecasting
The system also analyzes historical patterns to forecast pollution trends over time. This allows authorities and citizens
to understand whether air quality will improve or worsen in the future.

7. Model Evaluation
The performance of the model is evaluated using accuracy metrics such as Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). These metrics help determine how close the predicted AQI values are to the actual values.

(\VA EXPERIMENTAL RESULTS
The experimental results evaluate the performance of the proposed system in predicting Air Quality Index (AQI) values
using environmental machine learning model Performance Comparison of Regression Models Different regression

models are used to predict the Air Quality Index (AQI) based on environmental parameters such as PM2.5, PM10,
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temperature, humidity, and wind speed. The performance of these models is evaluated using metrics like Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE). Prediction Accuracy Analysis ;The prediction accuracy

analysis evaluates how well the machine learning models predict the Air Quality Index (AQI) based on environmental
parameters such as PM2.5, PM10, temperature, humidity, wind speed, and other pollutants.
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Fig 1: Flow of Execution of System Components.
V. FEATURE IMPACT ANALYSIS

Feature Impact Analysis explains how different environmental factors influence the Air Quality Index (AQI) prediction
in the model. In this project, several pollutant and meteorological parameters are used as input features. The impact of
each feature is analyzed to determine how strongly it affects AQI values.

VI. OVERALL RESULT SUMMARY

The Air Quality Index (AQI) Prediction and Pollution Trend Forecasting System Using Environmental Machine
Learning Models was developed to analyze air pollution data and predict future AQI levels using environmental
parameters. The system collected historical air quality data containing pollutants such as PM2.5, PM10, NO2, SO-, and
CO, along with meteorological parameters like temperature, humidity, and wind speed. After preprocessing and
cleaning the dataset, machine learning regression models were trained to predict AQI values.

VII. SYSTEM ARCHITECTURE

Project: Air Quality Index (AQI) Prediction and Pollution Trend Forecasting System Using Environmental Machine
Learning Models The system architecture describes how different components of the system interact to collect data,
process it, train the machine learning model, and predict AQI values.
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Fig 2: System Architecture
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VIII.  CONCLUSION

The Air Quality Index (AQI) Prediction and Pollution Trend Forecasting System Using Environmental Machine
Learning Models was developed to analyze environmental data and predict future air quality levels. The system uses
historical air pollution data and meteorological parameters such as PM2.5,PM10, NO2, SOz, CO, temperature, humidity,
and wind speed to estimate AQI values.

Machine learning regression models such as Linear Regression, Decision Tree, Random Forest, and Support Vector
Regression were applied to predict AQI levels. Among these models, Random Forest Regression showed the best
performance with higher prediction accuracy and lower error values.

The system was able to successfully analyze pollution trends and forecast future AQI levels based on historical
environmental data. It also identified the most influential factors affecting air quality, especially PM2.5 and PM10,
which significantly contribute to pollution levels.
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