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Abstract

Air pollution has emerged as one of the most critical environmental and public health
challenges worldwide. Poor air quality is linked to respiratory diseases, cardiovascular
disorders, a short life span and significant economic loss. Thus, correct prediction and
classification of air quality is crucial for any effective monitoring and decision making in the
environment. The application of machine learning, in predicting and classifying the Air Quality
Index (AQI), based on the concentration of atmospheric pollutants and meteorological
parameters is investigated in this study. The machine learning algorithms used for the analysis
of air quality patterns were: Linear Regression, Polynomial Regression, K-Nearest Neighbors
(KNN), and K-Means Clustering. The regression models were used to predict the AQIL the
KNN and K-Means were used for classification and clustering of pollution levels. Data
consisted of PM2.5, PM10, NOz, SOz, CO, Os, temperature and humidity. The experimental
results showed that machine learning models can effectively predict the AQI and categorize
pollution. PolyNomial Regression model performed best among the evaluated models because
it was able to capture the nonlinear relationships among the environmental variables. The
results indicate that machine learning-based AQI forecasting systems can assist the
environmental authorities in pollution control and management strategies.

Key Words: Air Quality Index, Machine Learning, Air Pollution Prediction, Polynomial
Regression, KNN, K-Means Clustering, Environmental Monitoring

Introduction

Air pollution is an important environmental problem in developed countries as well as
developing countries. With a high level of industrialization, urbanization, growth in traffic and
high consumption of fossil fuels, the concentration of harmful pollutants in the atmosphere has
risen. Exposure to polluted air has been associated with various health issues such as asthma,
chronic respiratory diseases, cardiovascular diseases, and early death. The Air Quality Index
(AQI) is a common tool used to assess and report air quality. It transforms the concentration of
pollutants into a number expressing the potential effects on human health due to air pollution.
Clean air is a level of 100 or lower, and the higher the number, the more problematic the air
quality conditions. The traditional statistical forecasting methods (TSFM) have difficulty in
capturing complex and nonlinear relationships between environmental variables. Machine
learning algorithms, on the other hand, offer sophisticated computational techniques that can
detect complex patterns and make precise predictions based on vast amounts of data. They are
increasingly becoming popular in the use of multidimensional data for environmental
monitoring and forecasting applications. There have been some studies that focused on specific
machine learning techniques for AQI prediction, but few studies have integrated the three
functions of prediction, classification, and clustering into one system. Moreover, most of the
current studies are concerned with the accuracy of forecasts and neglect the identification of
the pollution pattern and regionalization. For overcoming the above mentioned shortcomings,
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this work presents an integrated machine learning based framework for air quality assessment,
which includes both regression and classification techniques along with clustering techniques.
Linear Regression, Polynomial Regression are used to predict AQI, K-NN is used to classify
AQI and K-Means Clustering to identify the pollution pattern using the proposed framework.
The goal is to test and examine the performance of the algorithms in air quality monitoring and
in decision support for air quality.

Research Objectives:
Use regression machine learning models to predict Air Quality Index (AQI).
Determine air quality classification based on supervised learning.

e Find patterns in pollution using unsupervised clustering.

e Compare the performance of several machine learning algorithms.

e Offer suggestions on environmental monitoring and pollution control.

Dataset

In this study, data was obtained from air pollution monitoring stations. The data include
concentrations of the major air quality pollutants and parameters of the atmosphere that affect
air quality.

Input Features

‘Feature H Description H Unit ‘
‘PMZ.S HFine particulate matter H pg/m? ‘
‘PM 10 HCoarse particulate matter H pg/m? ‘
‘NOz HNitrogen dioxide H ppb ‘
SO; ISulfur dioxide [ Ppb |
‘CO HCarbon monoxide H Ppm ‘
‘03 H020ne H Ppb ‘
‘Temperature HAmbient temperature H °C ‘
[Humidity IRelative humidity [ % |
Target Variable

The aim of this model is to predict the overall air quality condition (AQI).

Data Preprocessing
The data run through numerous preparation steps before the construction of the model:
Removing duplicate records.
Imputing missing values with mean values.
Outlier detection and treatment.
Normalize and standardize features.
¢ Dividing data into training and testing subsets.
Data preprocessing not only increases the quality of data but also helps boost model
performance.

Methodology
The proposed methodology is based on a systematic machine learning process.

Step 1: Data Collection
Air quality data are gathered from air quality monitoring stations and public air quality
databases.
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Step 2: Data Cleaning
Records are incomplete and observations are inconsistent and corrected to enhance data
reliability.

Step 3: Exploratory Data Analysis (EDA)
Data are summarized and displayed using statistics and visualization to gain insights into
relationships between variables and the distribution of data.

Step 4: Feature Engineering
The pollutants and weather variables that are relevant are chosen for building models.

Step 5: Model Training
The data is split into:
e Training Data (80%)
e Testing Data (20%)
Historical AQI observations are used for training the machine learning algorithms.

Step 6: Model Evaluation
They are trained on standard performance measures and then tested on the trained models.

Evaluation Metrics
Mean Squared Error (MSE)
Measures mean-squared errors of prediction.

Root Mean Squared Error (RMSE)
Offers prediction error, in the original unit scale.

R-Squared (R?)
Compares the amount of variance accounted for by the model.

Accuracy
Used to assess the accuracy of classification.

Literature Review

A number of researchers have used the machine learning methods to predict and classify the
air quality. Their analyses show that machine learning models can outperform traditional
statistical models in many instances because they can better capture the complex and nonlinear
relationships between environmental variables. Zhang et al. (2018) used Linear Regression
(LR) and Support Vector Regression (SVR) methods to forecast the AQI of major cities in
China. They found that the machine learning methods outperformed traditional regression
methods in prediction accuracy. To build an air pollution prediction system, Li and Wang
(2019) applied K-Nearest Neighbors (KNN) to the task. They were able to achieve a
classification accuracy of more than 85% for predicting AQI categories like Good, Moderate
and Unhealthy. Kumar et al. (2020) used Polynomial Regression for modeling nonlinear
relationships between particulate matter concentration and AQI. They found that the errors in
prediction of Polynomial Regression were lower than the errors in prediction of Linear
Regression. In urban environments, Sharma et al. (2021) pinpointed pollution hotspots through
an approach of clustering data using K-Means. The clustering approach gave a good clustering
of the regions suffering from pollution characteristics with similar behavior and helped the
policy makers for environmental planning. Ahmed et al. (2023) studied some machine learning
algorithms for the prediction of AQI and showed that the regression-based algorithms were
effective for forecasting the AQI with the meteorological variables like humidity and
temperature. It can be seen from the literature that machine learning algorithms are efficient
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tools for predicting, classification and monitoring the environment, particularly in AQIL.
Comparative studies, however, that involve both supervised and unsupervised learning
techniques, are still limited. Thus, this research explores the implementation of Linear
Regression, Polynomial Regression, KNN and K-Means in a single framework. Several studies
have used single machine learning algorithms like Linear Regression, KNN, and K-Means for
the AQI forecasting, but only a few studies combine prediction, classification and clustering in
one single model. Moreover, many studies only investigate the accuracy of forecasting and do
not consider the identification of the pollution pattern and regional clustering. Hence, this work
introduces a common framework that integrates the regression, classification and clustering
method to offer a holistic air quality assessment system.

Correlation Analysis
Correlation analysis was used to investigate the correlation between the concentration of

pollutants and AQIL.

Correlation Matrix

‘Variable H AQI Correlation ‘
[PM2.5 | 0.91 |
[PM10 [ 0.88 |
NO. [ 0.79 |
S0, [ 0.68 |
co [ 0.72 |
0 [ 0.61 |
‘Temperature H -0.32 ‘
‘Humidity H -0.28 ‘
Interpretation
e The relationship between PM2.5 and the AQI is the most positive (r = 0.91).
e The correlation between PM10 and PM2.5 is also very high (r = 0.88).
e NO: and CO moderately influence AQI.
e The negative correlation between temperature and humidity suggests that the weather

conditions that are good for humans can also diminish the concentration of pollution.
e Based on the analysis, PM2.5 and PM10 appear to be the most important predictors for
AQI forecasting.

ANOVA Analysis
Analysis of variance (ANOVA) analysis was conducted to analyze whether the level of
pollutant significantly influences the AQI.

Source DF SS MS F-value p-value
Regression 8 32540.8 4067.6 54.32 <0.001
Error 191 14302.4 74.88

Total 199 46843.2

Interpretation

e The calculated F value (54.32) is very significant.

e Ifpollutant variables have p-value< 0.001, then they are significant factors affecting
the AQL

e The regression equation accounts for a significant amount of the variation in the AQI.
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Confusion Matrix (KNN Classification)
Make the following assumption for the AQI classification as follows:
1. Good
2. Moderate
3. Unhealthy
4. Hazardous

Confusion Matrix
Actual / Predicted Good Moderate Unhealthy Hazardous

Good 38 2 0 0
Moderate 3 41 2 0
Unhealthy 0 4 35 1
Hazardous 0 0 2 32

Classification Accuracy
Accuracy: 91%

Interpretation

From the confusion matrix it can be seen that most of the AQI categories have been
accurately identified. Most of the misclassifications were between the adjacent pollution
levels, as would be predicted, as pollutant levels are frequently close together.

Graphical Analysis

Figure 1: AQI Distribution
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f Interpretation:
1. Majority of observations fall within Moderate (51-100) and Unhealthy for Sensitive Groups (101-150)
categories, indicating that air quality is moderate to unhealthy in most cases.
2. The distribution is slightly right-skewed, as there are fewer observations in the higher AQl range
(above 200), but the tail extends toward the higher AQI values.

Figure 1: Frequency Distribution of Air Quality Index Levels

The figures indicate the frequency distribution of the Air Quality Index levels.The numbers
represent the frequency distribution of Air Quality Index values. Histograms of frequency
distribution of AQI values.

Observation:
e Most of the observations are in the Moderate and Unhealthy categories.

e The distribution of the AQI is moderately skewed to the right.
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Figure 2: PM, s vs AQI Scatter Plot
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Interpretation:
1. The scatter plot shows a strong positive relationship between PM; s concentration and AQI (r = 0.91).

2. As PM; s concentration increases, AQI values also increase, indicating that PM; 5 is a major
contributor to air quality degradation.

Figure 2: Relationship Between PM2.5 Concentration and AQI

The relationship between PM2.5 concentration and AQI is shown in Figure 2.
Observation:

e Strong positive relationship.
e The level of AQI increases with the increase in the concentration of PM2.5.

Figure 3: Actual vs Predicted AQl
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Interpretation:

1. The scatter plot shows that predicted AQI values closely follow the actual AQI values for both models,
indicating good prediction capability.

2. Polynomial Regression (R? = 0.93, RMSE = 12.35) fits the data better than Linear Regression (R? = 0.88,
RMSE = 18.67), as it has higher R? and lower RMSE, and its points are closer to the ideal fit line.

Figure 3: Comparison of Actual and Predicted AQI Values

The figure 3 compares values of the actual AQI data with the predicted AQI data.
Observation:

e The predicted values are fairly close to the actual AQI values.
e The polynomial regression shows a better fit than linear regression.
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Figure 4: Cluster Visualization (K-Means)
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Interpretation:

1. Four distinct clusters correspond to Good, Moderate, Unhealthy, and Hazardous air quality conditions.
2. K-Means effectively separates pollution patterns.

Figure 4: K-Means Clustering of Air Quality Patterns

Observation:
e There are four different clusters representing Good, Moderate, Unhealthy and
Hazardous air quality conditions.
e K-Means successfully performs the separation of pollution patterns.

Figure 5: Correlation Heatmap
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1. PM; 5 and PM,, show strongest positive correlations with AQI.

( Interpretation:
2. Temperature and Humidity show weak negative correlations.

Figure 5: Correlation Matrix of Pollutants and Meteorological Variables
The correlation matrix between pollutants and meteorological variables is given in figure 5.
Observation:

e The strongest positive correlations are seen between PM2.5 and PM10 with AQI.

e There are weak negative correlations between Temperature and Humidity.

Machine Learning Algorithms

1. Linear Regression

Linear Regression is a supervised machine learning algorithm to model the relationship
between AQI and the predictor variables. Assumes pollutants and AQI are linearly related.

Mathematics Model
AQI = o+ 1 PM2.5 + B2 PM10 + Bs NO:2 +... + €.
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Advantages
e Simple and interpretable.
e Fast computation.
e Data appropriate for linear relationships.

Limitations
e Slightly poor performance for nonlinear data patterns.

2. Polynomial Regression
Polynomial Regression is an extension of the Linear regression model, with the addition of
polynomial terms.

Mathematics Model

AQI :Bo + BIX + BzXZ + B3X3 +e.

This model accounts for the nonlinear relationships between pollutants and meteorological
factors.

Advantages
e More appropriate for more complex data sets.
e Higher prediction accuracy.

Limitations
e Risk of overfitting for high polynomial degrees.

3. K-Nearest Neighbor (KNN)
KNN is a supervised classification method that classifies the AQI categories by determining
the similarity of the neighboring observations.

Working Principle

Select value of K.

Calculate distances between observations.
Identify nearest neighbors.

Assign majority class label.

Distance Metric
It is often used Euclidean Distance.

Advantages
e Easy implementation.
e Works well for multiclass classification.

Limitations
e Slow when used with large amount of data.

4. K-Means Clustering
K-Means is an unsupervised learning method that segregates data into K clusters.

Working Steps

e Initialize cluster centroids.

e Assign observations to nearest centroid.
e Update centroid positions.

e Repeat until convergence.
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Applications
e Pollution pattern discovery.
e Air quality segmentation.
e Environmental risk assessment.

Results
The models were trained and tested and the following results were recorded.

Regression Performance

Model R? Score RMSE
Linear Regression 0.88 12.4
Polynomial Regression 0.93 8.7

Polynomial Regression had the highest R? value which means it is capable of predicting best.

Classification Performance
KNN was able to classify the AQI levels with a good accuracy.

Model Accuracy
KNN 91%
Clustering Results

K-Means found 4 large clusters, which represent:

1.Good Air Quality

2. Moderate Air Quality

3. Unhealthy Air Quality

4. Hazardous Air Quality

These clusters identified unique pollution patterns and environmental factors.

Discussion

The outcomes show that machine learning methods have potential to predict and classify the
states of air quality. The polynomial regression model was more effective than linear regression
model due to its ability to identify the nonlinear relationships between pollutant concentrations
and the AQI values. The positive correlation among PM2.5, PM10, and AQI are further
highlighted by the strong positive correlation among these pollutants, which further
demonstrates the importance of particulate matter in air quality measures. The high
classification accuracy of the KNN classifier was observed, which is suitable for categorizing
AQI into health-related categories (Good, Moderate, Unhealthy, Hazardous). The majority of
errors were made between classes that immediately border one another, which is to be expected,
because there is a certain similarity in the concentrations of pollutants among these
neighbouring classes.

K-Means Clustering was able to successfully categorize the pollution groups and uncover
meaningful patterns in the data set. The clustering results are useful in determining pollution
characteristics, and can help policy makers identify areas in need of urgent environmental
action. In general, the results are in line with previous research that showed better forecasting
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results in applying machine learning techniques than traditional statistical techniques. The
suggested framework is compatible with existing real-time environmental monitoring systems
that can be used to assist in pollution control measures and safeguarding public health.

Conclusion

In this work a complete machine learning framework for Air Quality Index prediction,
classification and clustering was developed based on pollutant concentration and
meteorological parameters. Linear Regression, Polynomial Regression, K-Nearest Neighbors
and K-Means Clustering were used to test various aspects of air quality assessment. The results
obtained in the experiments showed that the best predictive accuracy was obtained for
Polynomial Regression because it was able to model the nonlinear relationship between the
environmental factors. The results of KNN showed good classification accuracy, whereas K-
Means achieved good ability to find pollution clusters and environmental patterns. The
proposed framework presents a useful and effective decision support system for environmental
monitoring, pollution control and public health protection. Predictive modeling, classification
and clustering makes it possible to get a holistic understanding of the air quality dynamics.
Looking forward, the researchers are interested in testing the efficacy of advanced deep
learning architectures like CNN-LSTM, integration of real-time sensors, and techniques of
explainable artificial intelligence in improving the accuracy of AQI forecasting and the
interpretability of the models.

Future Work
There are a number of improvements to be considered for future studies:
e Use of deep learning techniques like Artificial Neural Networks (ANN), CNN, and
LSTM.

e Enhanced AQI forecasting using hybrid CNN-LSTM models, where CNN can give
the spatial features from the air quality variables and LSTM can give the long-term
temporal features, resulting the improvement of the accuracy of the prediction.

Deep learning models include Artificial Neural Network (ANN), CNN and LSTM.
Implementing real time [oT sensor networks for continuous monitoring of AQI.
Expansion of meteorological parameters (wind speed, rainfall).

Design of mobile and web-based AQI forecast apps.
Machine learning techniques that are hybrid models of regressi
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